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ABSTRACT

A major drawback of traditional Cox Proportional Hazard (CPH) technique for modeling
survival data is its inability to identify and classify subjects based on their inherent biological
associations with respective risk endpoints as well as its inability to model the possible
interaction effects among the covariates. To this end, this work aims at developing some
techniques for modeling survival time data, especially with competing risks to address these
challenges. The objectives of this study are to: (i) develop survival tree-based technique via the
Classification and Regression Tree (CART) using within-node homogeneity and between-node
heterogeneity methods; (ii) extend the Multi-Layer Perceptron Artificial Neural Network
(MLPANN) for modeling survival data with competing risks; (iii) extend the Multivariate
Adaptive Regression Splines (MARS) method to model classical survival data using Cox-Snell
residuals; and (iv) compare the efficiencies of the proposed methods with the existing methods
using simulated and real life data sets.

The survival trees were formed by calculating the reduction in impurity going from the parent
node to the child nodes via an impurity function. Two impurity functions of Deviance and Cox-
Snell Residuals were used for both the sum of squares and absolute value impurity functions in
within-node homogeneity. The Cox-Snell Residual was employed as a common response in
MLPANN and MARS models. For the between-node heterogeneity trees, different inference
procedures for testing the equality of two cumulative incidence functions were employed. The
efficiency of the various methods were assessed using root mean square, mean absolute and
relative square errors.

Findings of the study were that:

() the within-node homogeneity and between-node heterogeneity survival Trees with
competing risks were developed to model the data and classify the subjects based on their
associated risks;

(i) a MLPANN-based method for modeling survival data with competing risks was
developed;

(iii) method for modeling classical survival data using MARS techniques was developed and
was found capable of modeling the possible interactions among the covariates;

(iv) the proposed survival trees model determined the cutpoint of the tree better than the
existing methods;

(v) the proposed MLPANN-based method was shown to be more efficient than the Cox PH
model using three real life data sets; and

(vi) results obtained based on simulated and real-life HIV data sets showed that the proposed
survival MARS model was better than the existing methods considered.

This study concluded that the proposed methods were suitable for identifying subjects with their
associated risks as well as being able to model possible interaction effects among the covariates
on survival time. They are therefore recommended whenever interest is focused on identifying
subjects with their biological risks through prognostic variable biomarkers for diagnostic
purposes.
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CHAPTER ONE

BACKGROUND OF THE STUDY

1.0 Introduction

The most common methods for analyzing survival data with and without competing risks are the
Cox Proportional Hazard (Cox-PH) methods (Cox, 1972) and the Cumulative Incidence Function
(CIF) techniques (Gray, 1988) among others. However, the major drawbacks of these excellent
classical techniques lie first in the difficulty encountered in interpreting their results in situations
where both categorical and metrical covariates are present in the models. Another limitation is
their inability to model possible (complex) interactions that might exist between these covariates.
The third limitation of these methods is their inability to group subjects/samples into sub-groups

based on their different levels of risk.

In recognition of all the limitations of the classical modelling techniques for event history data as
highlighted above and many more, it therefore becomes quite imperative to evolve alternative
techniques to model survival data with competing risks endpoint in the presence of categorical and
metrical covariates all of which might describe the biological characteristics of the
subjects/patients as well as the associated prognostic variables depending on the kind of ailment

being managed.

To achieve the above tasks, this work seeks to explore and extend the techniques of a number of
robust machine learning methods for modelling survival data that are characterized with the
aforementioned challenges. More specifically, two groups of nonparametric methodologies for

investigating competing risk modeling based on recursive partitioning via the Classification and



Regression Tree (CART) (Fiona, 2008 and Jiawei et al., 2012) and the one based on Multivariate
Adaptive Regression Spline (MARS) for censored survival data are discussed in this chapter. Also,
the concepts of Artificial Neural Network (ANN) method, a data mining technique like CART and
MARS, was briefly discussed here while the adaptations of various methods for modelling survival
data with competing risks were provided in details in the subsequent chapters. Finally, the
traditional techniques of the Cox PH and Cause Specific Hazards (CSH) for analyzing both

survival and competing risks models were equally discussed briefly.
1.1 Survival Time Data

Multi-state models described how individuals move between a finite number of states. The
simplest example of multi-state model is the survival model with one transient state ‘0: alive’ and
one absorbing state “1: dead”. This model is characterized by the distribution of the survival time
T, and this indicates the time from a particular origin (time = 0) to the existence of the event of
interest such as “death”. The distribution of time could be characterized by the distribution F(t) =
Prob(T < t) or consistently by the Survival function S(t) = 1 — F(t) = Prob(T < t). If every
subjects (objects) were supposed to be in state 0 at time 0, then F(t) is also the transition

probability from state O to state 1 for the time interval ranges between 0 to t. The distribution of

time can also be characterized by the hazard function a(t) = — W (Cox, 1972).

al(t)

0: Censored (Alive) ={ 1: Event (Dead)

Fig. 1.1 : Schematic presentation of a two-state model for survival data with the transition intensity a(t) from state 0
to state 1.
Thus, o (+) is the transition intensity from state O to state 1. This scenario is illustrated by Fig 1.1.

In Fig 1.1 there are two states O and 1, with only one possible transition from state 0 to 1. The



conforming transition intensity a,, (t) is given by the hazard rate function a(t), while a,,(t) =0
for all t, that is, state 1 is an absorbing state. The initial distribution is degenerate in 0 with
my(0) = 1 and the process is Markovian (Andersen, 1993). In a nutshell, survival time data
typically means time until the occurrence of particular events. The time (period) may be years,
months, weeks, days or hours from the beginning of the follow-up of a subject/object until an
event of interest occurs. Here, event may refer to death, disease incidence, relapse from remission,
return to work, or specified experience of interest that may happen to any subject/object at the end

of follow-up period.

One of the major concepts in survival analysis is censoring, and it occurs when we have
information about the subjects/objects survival time, but the exact survival time is unknown.
Generally, censoring occurs as a result of the following: when subject/object does not experience
the event of interest till the end of the study; when subject/object is lost due to follow-up during
the study; or when the subject/object withdraws from the study due to one reason or another. There
are three types of censoring which include: right censoring, left censoring and interval censoring.
Right-censoring occurs when the true survival time is equal to or greater than observed survival
time; left-censoring occurs when the true survival period is less than or equal to observed survival
time, while interval-censoring occurs when the true time is equal to observed survival time (David

and Moeschberger, 1978).

1.2 Survival Analysis with Competing Risk Modelling

The historical background of competing risks can be traced back to 1760 when Daniel Bernoulli
analyzed the risks of death from smallpox compared to death due to other causes (David and

Moeschberger, 1978). Up to date, the Bernoulli research work has laid the foundation for the



theoretical background of the competing risks. In a simpler form, the situation when subject can
experience two or more none overlapping events at a specific time is regarded as competing risks

modelling (Pintilie, 2006 and Crowder, 2012, 2001).

Furthermore, this model (competing risks modelling) has one transient state ‘0: alive’ and a
number, k of absorbing states, state , 1, h, 2=1,2,..., k corresponding to ‘death from cause h’.

Thus, there are p=k+1 states. The model is illustrated for k™ causes in Fig 1.2.

| 0:Censored (Alive)
State 7 Cause 1
. > cause 2
~4| 1: Event [Dead) i.—__ N
=Cause k

Fig. 1. 2: Competing risks model for mortality from k causes

The transition intensities a,, (t) for h=1,... k is given by the cause-specific hazard functions:

prob(dead from cause h by time t+At/T=t)
At '

@) = fim,

where T is the survival time. The initial distribution is degenerate in 0 with only one transient state

of the model, i.e.,

ay;(t) = 0 forall h # 0 and all j. The transition probabilities are given by the survival function
Poo(0,t) = S(t) = Prob(T > t) = EXP(~ [, ¥k a(w)du),
and the so-called cumulative incidence functions

Pon(0,0) = [ S(u —)ay(Wdw, h=1,..,k (1.1)



There are several techniques for regression analysis in the face of competing risks. Cause Specific
Hazard, Latent Failure, Pseudo-Observation, Sub-distribution hazard and Cumulative Incidence
function (see equation 1.1). However, two popular and robust techniques for analyzing competing
risks are Cause Specific-Hazards (CSHs) and Cumulative Incidence Function proposed by Fine
and Gray (1999). All these techniques have their own drawbacks, which will be explained in the
subsequent pages. However, various researchers have shown that the Fine and Gray (1999)
methods uses Cumulative Incidence Functions directly, and there is less mix-up in interpreting the
predictor effects when translating from cause-specific hazards than in the Cox model (Fiona,

2008).

1.3 Cox Proportional Hazard Model

The Cox PH regression model (Cox 1972) assumes that the covariates multiplicatively shift the

baseline hazard function and asserts that the hazard rate for the j** subject in the data is

h(t/X) = ho(t)exp(BX) (1.2)

where X is the vector of covariates (predictors) and S is the vector of regression coefficients that
are to be estimated from the data (Cleves et al., 2004). The baseline hazard (h,(t)) represents the
hazard of an ‘average’ subject of the data, thus the hazard of a particular subject is just a multiple
of the baseline hazard. In the Cox model, the most important assumption is the proportionality of

the hazard rate. That is, for any given input factor X;with two binary levels (0,1), the hazard rate

(HR) is given by;

_ h(t/X) _ ho(texp(BX) _
HR = h(t/X=0) - ho(t) - exp(ﬁX) (1.3)



independent of time t. This means that the hazard rate of a particular subject remains the same
over the whole observation time. That is, the influence of all the covariates in the model is

independent of the survival/observational time t (Kriner, 2007; Yahya and Ulm, 2009).

1.3.1 Model diagnostic for the Cox PH model
Residuals for survival data are slightly different from other types of models, due to the censoring.

Before discussion of
residuals, we need an important basic information below:

If T; (the survival time for the i individual) has survivorship function S;(t), then the transformed
random variable S;(T;) (i.e., the survival function evaluated at the actual survival time T;) should
be from a uniform distribution on [0,1], and hence —log(S;(T;)) (i.e. transformed random variable)

should be from a unit exponential distribution.
Generalized (Cox-Snell) Residuals (CSR)

The implication of the last result in equation (1.2) is that if the model is correct, the estimated
cumulative hazard for each individual at the time of their death or censoring should be like a
censored sample from a unit exponential. This quantity is called the generalized or Cox-Snell
residual. Here is how the generalized residual might be used. Suppose we fit a CPH model in
equation (1.2), then the cumulative hazard and survival estimates of the CPH model is given in

equation (1.4) and (1.5) respectively (Klein and Moeschberger. (2003) as follows:

S(t, X) = [Sy(£)]F*PBD (1.4)

and

h(t,X) = —log ($(t, X)) (1.5)


http://lu.summon.serialssolutions.com/search?s.dym=false&s.q=Author%3A%22Klein%2C+John+P%22

Thus, the Cox-Snell (Cs) residuals can be estimated through equation (1.5) as follows:

—

Cs =6, — h(t, X;), (1.6)
where §; is the events (status).
ii. Martingale Residuals (MR)

Martingale residuals are used to examine the functional form of a given covariate in order to make
the best use of it to explain its influence on the Cox proportional hazard model. If the test tells us
that we could not introduce a covariate into the model linearly, we might need to transform the

covariate X into log(X), exp(X), XlogX or even a discretized version of the covariate.

Suppose we have a vector X(t) of possible time-dependent covariates. Let N;(t) have a value
equals to 1 at time t if this individual has experienced the event of interest and 0 if the individual is
yet to experience the event of interest. Let Y;(t) be the indicator that individual j is under study at
a time just prior to time t. Finally, let b be a vector of regression coefficients and H,(t) the

Breslow estimator of the cumulative baseline hazard rate (Breslow, 1974), then the martingale

residual is defined as:
M; = Nj(0) — [°Y;(®) exp[b'X; ()] d Ho(£),j = 1,..,n (1.7)
iii. Deviance Residuals (DR)

Martingale residuals are defined on (—oo,1] and thus highly skewed. To determine whether this
skewness does in any way affect the outcome, a new method was applied to the transformation of
the martingale residuals, named deviance residuals, which are symmetrically defined on (—o0, o).

If all covariates are time-fixed, the deviance residual for subject j is defined as



M; .
—2)),j=1,..,n

J

—~ . —~ ~ N_
D; = sxgn(Mj)\[(—M]- — Njlog(=
(1.8)

(Klein et al., 2003).

1.4 Cause-Specific Hazard Model

A cause-specific hazard is the instantaneous risk of failure from a specific cause given that failure

(from any cause) has yet to happen. It is mathematically defined as:

P {t<T<t+At|T=t,x}
At

A(t, x) = logar—o

(1.9)

The cause-specific hazard rate that represents the instantaneous risk of dying from cause h is

P {t<T<t+At, h=k|T=tx}
At

Ap(t,x) = logasso

(1.10)

This is the conditional probability that a subject with covariates x dies in the interval [t,t + At)
and the cause of death is the A" cause, given that the subject was alive just before time t. We turn

the probability into a rate dividing by At and then take the limit as At — 0 (Prentice et al., 1978).

1.5  Data Mining in Statistics

The process of discovering interesting knowledge, which includes: patterns, associations, changes
and significant structures from large amount of data set from statistical perspective is regarded as
Data Mining (Fayyad, 1996). It is also seen as nontrivial extraction of implicit, previously

unknown, and potentially useful information from data using machine learning, statistical and


http://lu.summon.serialssolutions.com/search?s.dym=false&s.q=Author%3A%22Klein%2C+John+P%22

visualization techniques (Piatetsky and Frawley, 1991). Data mining has proven to be valuable in
numerous applications, due to increase in technology around the globe (Vapnik, 1998; Hastie et
al., 2001; Witten and Frank, 2005; Felici and Vercellis, 2007). The majority of the problems
studied in data mining community can be categorized as: Decision Trees, Neural Networks, Rule

Induction, Nearest Neighbors, and Genetic Algorithms (Hastie et al., 2001).

1.5.1 Classification and Regression Tree (CART)

Classification and Regression Tree (CART) is the most commonly and popularly used tool for
exploring large data building. Moreover, it is one of the most stretchy, instinctive and powerful
information analytic and can be applied in the area of determining prognostic subgroups with the
same results within each subgroup but different outcomes between the subgroup (Fiona, 2008 and
Jiawei et al., 2012). It categorizes the successive classification structure that recursively partition
the set of progressive observation into smaller subgroups based on binary division of the covariates

(Tbrahim et al., 2008).

CART was first brought together by Breiman et al. (1984) and it is gaining more attention recently
because of its high predictive ability in model building (tree-building) for difficult data mining
problems. There are other number of techniques that can handle this difficulties in machine
learning, they includes: CHAID, MARS, Artificial Neural Network (Yahya et al. 2012, Yahya,

2014) and so on.

1.5.2 Artificial Neural Network
A mathematical ideal that tries to simulate from the operational and functionalities of biological
neural network is known as Artificial Neural Network (ANN) (Andrej et. al., 2011). A neural

network consists of an interconnected group of artificial neurons, and it processes information



using a connectionist approach for computation. They are powerful tools for modelling linear and
non-linear functional relationship between the covariates and response variable, especially when
the underlying assumptions that govern the classical model fail (Frauke and Stefan, 2010). The
basic building block of every artificial neural network is artificial neuron, that is, a simple
mathematical model (function). Such a model has three simple sets of rules: multiplication,
summation and activation. At the entrance of artificial neuron the inputs are weighted, this means
that every input value is multiplied with individual weight. In the middle section of artificial

neuron is sum function that sums all weighted inputs and bias (Andrej et. al., 2011).

A neuron is a nervous cell, which is the basic functional building element of the nervous system.
Only the human cortex consists of approximately 13 to 15 billion neurons which are arranged into
a hierarchical structure of six different layers. Moreover, each neuron can be connected with about
5000 other neurons. The neurons are autonomous cells that are specialized in transmission,
processing, and storage of information, which are essential for the realization of vital functions of

the organism. The structure of a neuron is schematically depicted in fig. 1.3 (Sima, 1998).

i.  Modelling of Biological Neuron: Neurodes

The neuron is formed by transferring the signal received by the soma, which also has both input
and output transfer channels, i. e. the dendrites and the axon, respectively. The axon is branched
out into many ‘terminals’, which are terminated by a membrane to contact the thorns of dendrites
of other neurons as it is depicted in Figure 1.3. A synapse serves as a unique inter-neuron
interface to transfer the information. The degree of synaptic permeability bears all important
knowledge during the whole life of the organism. From the functional point of view, the synapses

are classified in two types: the excitatory synapses which enable impulses in the nervous system

10



to be spread and the inhibitory ones, which cause their attenuation. A memory trace in the nervous
system probably arises by encoding the synaptic bindings on the way between the receptor and
effector (Sima, 1998 and Gurney , 1997). The mathematical model of neuron shall be given in the

methodology of this research.

Cell body

Synaptic terminals

Axon hillock
— -

S — N

Golgi apparatus
Endoplasmic
reticulum

Mitochondrion \\ N ~Dendrite

/
/ & Dendritic branches

Fig. 1. 3: Structure of Biological Neuron
(Source:https://en.m.wikipedia.org/wiki/Neuron#/media/File%3ABlausen_0657 MultipolarNeuron.png)

Simulation through Electrical input can occur in neural cell and may not fire its action potentially
(Wickens et al., 1988). When the neural network is formed, it can encode information to mimic the
human neuron; this process is called neural coding. The information can be encoded and can also
be decoded. The decoding process is sometimes referred to as recalling process and the encoding
process is called training or learning. This makes the artificial neural network efficient and

reliable.

In case of biological neuron (see Fig.1.3) information comes into the neuron via dendrite, soma

processes the information and passes it on via axon. In case of artificial neuron (see figure 1.4) the
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information comes into the body of an artificial neuron via inputs that are weighted (each input can
be individually multiplied with a weight). The body of an artificial neuron then sums the weighted
inputs, bias and “processes” the sum with a transfer function. At the end, an artificial neuron
passes the processed information via output(s) (Andrej et. al., 2011 and Krenker et al., 2009).

Mathematical representation of this model will be given in the subsequent pages.

Input 1

] Covrror >
Input 2 E F(X)
SUM Transfer function

Fig. 1. 4: Artificial Neuron Design

ii. Learning process

Among the most import properties of neural networks is its ability to learn from the environment
and it uses this process to improve the performance of the output variable. It does this process
through the grid iterative methods by adjusting and applying it to the synaptic weight and threshold
of neuron. In general, learning is a process by which the free parameters of a neural network are
adapted through a continuing process of stimulation by the environment in which the network is

embedded (Hajek, 2005 and Jain and Mao, 1994). Mathematically, let wy;(n) denote the synaptic
weight value wy; at time n. At time n an adjustment Aw,;(n) is applied to the synaptic wy;(n),

yielding the updated value
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There is no unique learning algorithm for the design of neural networks. But there exists a “kit
tools” represented by a diverse variety of learning algorithms. This learning algorithms differ
based on their advantages and the way they adjust Aw,; to the synaptic weight wy; to be
formulated. On that note, the learning algorithm includes: Error correction learning, Hebbian
learning, Supervised learning and unsupervised learning. For full details of these learning see

Hajek, 2005.

1.5.3 Multivariate Adaptive Regression Spline (MARS)

Multivariate adaptive regression splines (MARS) are used to identify the linearity and nonlinearity
effects and interactions between two or more covariates in classical regression models (Breiman et
al., 1984). This approach has been embraced to the area of survival by few researchers. The use of
standard analysis of covariate effects such as Cox proportional hazard function can be misleading
and difficult to interpret if we have both continuous and binary predictors in the model at the same
time. Due to the limitations of these standard methods of analyzing survival models, the MARS

technique was embraced as an alternative means of analyzing survival data (Kriner, 2007).

In contrast to the global parametric modeling technique of Linear Regression Model (LRM), the
MARS technique developed by Friedman (1991) is a nonparametric modeling approach of the
formy = f(x) + €, where y is a response variable, x = (x,x,,..,x,)", is a vector of p
predictors and € is an additive stochastic component which is assumed to have zero mean and

finite variance (Weber et al., 2012).

In recent years, MARS has been successfully applied to many areas of science and technology.
These include predicting object-oriented software maintainability by Zhou et al. (2007), waste

water treatment by Tsai (2005) and species population from presence of data by Elith et al. (2007).
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It also has applications in speech modeling, credit scoring, breast cancer pattern determination, and

examining the impact of information technology investment on productivity (Weber et al., 2012).

Among the recent applications of MARS to survival analysis was that of Kriner (2007) in which

MARS was applied to Survival Analysis using both martingale and deviance residuals.

1.6 Statement of the Problem

Chemotherapy, radiation, and/or surgery are vital treatments for cancer disease. Survival analysis,
which is analysis of survival time after a patient had received any of these clinical treatments has
been the primary method for evaluating the effectiveness of such treatment. It is therefore
important to evaluate the patient’s survival in an optimal manner and to identify the risk factors
that are really associated to the prognostic risks. There are numerous methods for analyzing
survival problems which include: Cox Proportional Hazard (CPH), Cause-specific hazard and
Cumulative Incidence Function (CIF), but all of them involve a number of restrictive assumptions
which often makes their implementations very cumbersome. Not only this, results that arise from
the use of these classical methods are difficult to interpret in clinical sense. Therefore, there is need

to adopt methods that can circumvent these problems.

1.7 Research Motivation

The most common methods for analyzing survival data with and without competing risks end
points are the classical CPH and CIF. These models are difficult to interpret if we have both
continuous and categorical predictors in the models. Also, these models lacked ability to handle
the interactions that might exist between these crop of predictors and incapability to provide a clear
method for grouping subject/objects into group based on their levels of risk. This study therefore

aimed to provide an alternative robust machine leaning technique that would be capable to
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circumvent the above stated challenges and be useful to efficiently model survival data with or

without competing risks.

1.8 Aim and Objectives of the Study

The aim of this study is to undertake the efficiency measurement of some statistical methods for

modelling survival data with and without competing risks. However, the specific objectives of this

study are to;

1.9

develop survival tree-based techniques via the Classification and Regression Tree (CART)
using within-node homogeneity and between-node heterogeneity methods;

extend the Multi-Layer Perceptron Artificial Neural Network (MLPANN) for modeling
survival data with competing risks;

extend the Multivariate Adaptive Regression Splines (MARS) method to model classical
survival data using Cox-Snell residuals; and

compare the efficiencies of the proposed methods with the existing methods using

simulated and real-life data sets.

Research Questions

In view of the above objectives, the following research questions are addressed:

Can survival tree-based methods be developed to model survival data within the context
conjectured in this study?
Is it possible to extend Multi-Layer Perceptron Artificial Neural Network (MLPANN) to

survival analysis with competing risks?
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iii.  Can Multivariate Adaptive Regression Splines (MARS) method be extended to survival

analysis?

iv. Can data mining-based survival models yield results that can be clinically and/or

operationally meaningful?

1.10 Definition of Basic terms

A partial listing of symbols and other basic terms used frequently in this thesis:

Symbols/Notations/Functions

Symbols/Notations/Functions Descriptions

CHS

Cox Proportional Hazard

CSHs Cause Specific Hazards

CART Classification and Regression Tree

ANN Artificial Neural Network

MPLANN Multi-layer Perceptron Artificial Neural Network
MARS Multivariate Adaptive Regression Splines
CSR Cox-Snell Residual

MR Martingale Residual

DR Deviance Residual

CIF Cumulative Incidence Function

GCV Generalized Cross-Validation

c Cutoff/Cutpoint/Threshold value

h Node

CSRSS Cox-Snell Residual Sum-of-Square
CSRAV Cox-Snell Residual Absolute VValue
DRSS Deviance Residual Sum-of-Square
DRAV Deviance Residual Absolute Value
MRSS Martingale Residual Sum-of-Square
MRAV Martingale Residual Absolute Value
MAE Mean Absolute Error
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RMSE Root Mean Square Error

RSE Relative Square Error

MAE; Mean Absolute Error for event 1
MAE> Mean Absolute Error for event 2
[Tt Expected Terminal nodes

TNS Neyman smooth Test Statistic
TkS Kolmogorov Smirnov Test Statistic
TPM Pepe Moris Test Statistic

TG Gray Test Statistic

TFG Fine and Gray Test Statistic

TR Log-rank Test Statistic

o(x) Response variable in ANN

RI Relative Important

Covariate/Input

Explanatory variable

Outputs

Predicted values

Targets or Training values

Dependent variables

f() Probability Distribution Function

EF(t) Cumulative Distribution Function

S(t) Survival Function

h(t) Hazard Function

h(t, x) Cox Proportional Hazard Model function

ho(t) Baseline hazard function

H(t) Cumulative Hazard function

R(t) Reliability function

h(t) Estimated Hazard function

T; Survival Time for i individual

I(x<k) An indicator function whose value is 1 if x < k, 0 otherwise

&, Status variable whose value is 1 if individual i had the event of
interest

Y () The outcome variable whose value is 1 if subject i is under risk at
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time t

N;(t) Counting process: (N;(t) € {0,1})

F; Filtration or history

@(h) Impurity Function for node h

Dss(h) Sum-of-square Impurity Function for node h

D4y (h) Absolute Value Impurity Function for node h

Dcsrss (h) Cox-Snell Residual Sum-of-Square Impurity Function for node h
Dcsrav (h) Cox-Snell Residual Absolute Value Impurity Function for node h
@prss(h) Deviance Residual Sum-of-Square Impurity Function for node h
@prav (h) Deviance Residual Absolute Value Impurity Function for node h
Dumrss (h) Martingale Residual Sum-of-Square Impurity Function for node h
Dprav (h) Martingale Residual Absolute Value Impurity Function for node h
. (h) Cost Complexity Function

7le Neuron Output via Cox-Snell residual (Observed output)

Tegr Predicted Neuron Output via Cox-Snell residual

1.11 Outline of The Thesis

The remaining parts of this thesis are organized as follows. The review of literatures that are

relevant to this study are provided in Chapter Two while Chapter Three presents the research

methodology. Chapter Four presents the various results from the study and provides detail

discussion of the results. Finally, summary of the results from the study, conclusions, contribution

to knowledge and suggestions for future studies are provided in Chapter Five.
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CHAPTER TWO

LITERATURE REVIEW

This current section discusses the different data mining techniques and Modelling methods that are
well known in the literature; it also distinguishes their main properties. The objective is to review
data mining models that can handle classification, prediction and association of high dimensional
data with interactions, contain numerical responses, and that can model complex data structures.
However, in addition to the previously mentioned objectives there is an underlying objective, one
that is essential in any research, identify the areas of opportunity and research gap from previous

models and methods in order to provide a novel contribution to the field.

2.1 Data Mining

Data mining consist of collection of techniques used for efficient automated discovery of
previously mysterious, valid and useful patterns in large databases. It is increasingly used in the
sciences to extract information from numerous data sets generated by experimental and
observational study than any other fields of research (Hendricks; 2000). Data mining strategies can
be categorized into: Classification, Estimation, Prediction, Association rule mining and Clustering

(Hastie et al., 2001).

2.2 Data Mining Models

The various data mining models that are commonly applied to various problem domains include
the Decision trees (Breiman et al., 1984), Artificial Neural Networks (McCulloch and Walter.,
1943; Yahya et al, 2012), MARS (Friedman, 1991), Random Forest (Tim, 1995), Support vector
machines (Cortes et al., 1995), Regression based classifier, K-SS and MK-SS classifiers (Yahya,

2009 & 2012; Yahya et al., 2011, 2014; 2015; etc.). Among these numerous methods, the
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procedures of decision treat via CART, Artificial Neural Networks and MARS are briefly

discussed here while their extension to modelling survival data are provided in Chapter Three.

2.2.1 Decision Trees
The most popular classification method is decision tree. The structure of the method is in form of a
tree where internal node represents a decision on an attribute value. Each leave denotes an
outcome of the decision and the leaves represent the classes. Decision tree is a model that is both
analytical and descriptive. In data mining techniques, a decision tree is a prognostic model; that
maps observations into their target value (Muehlenbrok, 2005). Additionally, expressive names for
such tree models are classification tree (discrete response) or regression tree (numerical response).
The discriminative power of each attribute that can best split the dataset is done either using the
concept of information gain, Gini index or misclassification error. Popular decision tree algorithms
like ID3, C4.5, C5 etc use information gain to select the next best attribute whereas popular
packages like CART, IBM intelligent miner etc. use the Gini index concept (Burlak et al., 2006).
The general algorithm for CART is as follows:
Let G, denote the set of training information that extend to a node t

— If G, contains information belonging to class y;, then t is a leaf node and represented by

labeled as y,
— If G, contains information that belong to two and more classes, then an attribute test is used
to “split” the data into smaller subsets.

— The process is recursively applied to each subset.

The splitting criteria can be one of the following:
i.  Misclassification error as splitting criteria

Error(t) =1 —maxP(i/t)
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ii.  Gini index as splitting criteria

GINI(t) =1 — Z[P(i/t)]2

l

iii.  Information gain as splitting criteria

Gain(t) = — Z P(i/t)log, P(i/t)

Figure 2.1 shows the partial view of a sample decision tree. One of the decision rule it provides is,

if Outlook is sunny and humidity is normal, one can go ahead to play.

l Outlook ‘
o Hﬁ-‘"‘x\____‘
Sunn:-,-'f //‘\ TRain
__,-r-”“f- Crhercast .
P il B
Humidity l Wind
Yes
7 /
A \“ P \\
High N:ur’rlal Eifrnnq Wea\k
ve % o .
No Yes MNo Yes

Fig. 2.1: sample decision tree-Partial view

2.2.2 Neural Networks

A mathematical model that attempts to mimic the human brain is regarded as Neural networks
(Waiyamai, 2003). Information represented in layers with a set of interconnectivity processors is
known to be neurons in the anatomy of the human brain. At each leaf (node), there is a weight
connected to other leaves (nodes) in head-to-head manners. Each node receives information as an
input from connected nodes and the weights together with a simple function is used to compute the
expected output values. Network connectivity is being used as learning algorithm in neural through

the change in weight, and a set of inputs is repeatedly passed through the network. Once trained,
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an unidentified instance passing through the network is categorized according to the values seen at
the output layer (Hwang et al., 2008 and Zaiane et al., 2001).

Typically, a neural network model has a configuration as shown in figure 2.2 in its basic form.
Neurons only fire when input is bigger than some threshold. It should, however, be noted that
firing doesn't get bigger as the stimulus increases, it is an all or nothing arrangement (Atwell et al.,

2006).

x! y
/ Activation function
- i :
i \
= E—

Output

Inputs —

Fig. 2.2: A neural network structure

The structure shows that a neuron connects with mother neurons and so receives m-many inputs
x1,...,x™. This configuration is actually called a Perceptron. A Perceptron models (Proposed by
Rosenblatt, 1992) is a neuron by taking a weighted sum of inputs and sending the output , if the
sum is greater than some adjustable threshold value otherwise it sends 0. This is the all or nothing
spiking described in the previous paragraph. It is also called an activation function.

The inputs (x1,x2,x3,...,x™) and connection weights (wl,w? w3, ...,w™) in Figure 2.3 are
typically real values, both positive (+) and negative (-). If the feature of some x* tends to cause the

perceptron to fire, the weight w' will be positive; if the feature x! inhibits the perceptron, the
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weight w' will be negative. The perceptron itself consists of weights, the summation processor,
and an activation function, and an adjustable threshold processor (called bias).

For convenience, the normal practice is to treat the bias, as just another input. Figure 2.3 illustrates
the revised configuration with bias. The bias can be thought of as the propensity (a tendency
towards a particular way of behaving) of the perceptron to fire irrespective of its inputs.

The perceptron configuration network shown in Figure 2.3 fires if the weighted sum > 0, or in

mathematical terms, it can be represented as in (2.1).

Wiehgted sum = Y); bias + (w'x") (2.1)
Bias
Activation function
.
Inputs — Output

| i

Fig. 2.3: Artificial Neuron configurations, with bias as additional Input

Activation function: An activation function performs a mathematical operation on the signal
output. The most common activation functions are:

i.  Sigmoid function: The stronger the input is, the faster the neuron fires. The sigmoid is also

very useful in multi-layer networks, as the sigmoid curve allows for differentiation (which

is required in Back Propagation training of multi-layered networks). It is mathematically

denoted as in (2.2)

1
(1+e™%)

flx) = (2.2)
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ii.  Step function: A step function is a basic on/off type function, if 0>x then 0, else if x>=0
then 1. Hence depending on the type of input, output and problem domain, suited functions
are adopted at respective layers.

iii.  Piecewise Linear Function: This activation function is also called saturated linear function
and can have either binary or dipolar range for the saturation limits of the output.

The activation functions are chosen depending upon the type of problem to be solved by the
network.

Neural network architectures: An artificial neural network (ANN) is a data processing system,
consisting large number of simple highly interconnected processing elements as artificial neural in
a network structure that can be represented using a directed graph. Among the several neural
network architectures, for supervised classification, feed forward multilayer network trained with
back propagation algorithm is the most popular. Neural networks, in which signal flows from input
to output (forward direction) are called, feed forward neural networks. Other neural network
architectures include: Recurrent Network and Single Layer Feed-forward Network (Bruce and

Craig., 1999).

2.2.3 Multivariate Adaptive Regression Splines (MARS)

The MARS was developed by Friedman (1991) as statistical methods that own various properties
that make it suitable for many applications, and for this reason, MARS has gained popularity over
the last decades. It is a flexible method that is capable of fitting both linear and nonlinear functions
without prior knowledge of the properties of such function. Many researchers such as: Kuhnert and
McClure (2000), Psichogios et al. (1992) and Ben-Ari and Steinberg (2007) regard MARS as a
nonparametric statistical method. MARS can model curvature by bending the function at certain

knot locations, which are appropriately selected, and simultaneously choose the most significant
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variables to be included in the final model. The approximation model is presented with the
following equation:
fM(X} B) = Bo + Xin=1 BmBm(X) (2.3)

where f3, is the intercept term, B,,(x) represents the basis functions that depend on the x factor
variables, and S, is the unknown coefficient for such functions. M represent the maximum
number of basis function. The basis functions can be univariate or of a higher degree. The
interaction terms are created by multiplying an existing basis function by a new univariate term.
To represent the univariate terms, MARS uses piecewise-linear functions of the form:

b*(x; k) = [+(x —k)]4, or b~ (x; k) = [—(x — k)]+ (2.4)
where k represents an univariate knot which is selected for each of the factor variables x. The
functions are truncated at zero, and thus they only consider the positive side. These functions are
known as truncated linear functions or hinge functions. The interaction functions are then

represented by:

Bm(x) = Hf?l[sl,m(xv(l,,m) - kl,m)]+ (2.5)
where the degree order L,, of the interaction term is user defined.

The execution of the MARS algorithm is as follows:

i. Stage-wise forward selection Algorithm: Keep the coefficient the same for
variable that existed in the current model, select a new basis function pair that
produces the largest decrease in the training error. Repeat the whole process until
some termination condition is met, for instance:

a. reached the maximum number (pre-determined) of predictors;
b. adding any new predictor changes the R-Square by less than 0.001;

c. Reached a very high R-Square value.
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ii. Backward Algorithm: For preventing over fitting, redundant basis functions are
deleted from the model. MARS adopts Generalized Cross-Validation (GCV) to
delete the redundant basis functions. The expression of GCV is given by:

I i Fu ()2
C(M)
==y

GCV = (2.6)

where N is the number of data points and C(M) is the complexity penalty that
increases with the number of basis function B,,(x) in the model and is defined
as: C(M) = (B + 1) + dB, where d is a penalty for each B,,(x) included in the
model and B is the number of the basis functions in the model. Hastie et al.

(2001).

2.3 Related Research in Survival Tree-based with and without Competing Risks

Ibrahim and Kudus (2009) applied classification and regression tree into multivariate survival data
based on marginal distribution. The generalization of decision tree for multivariate survival-tree
was developed using goodness of split approach. In the process of growing tree, their developed
approach was used to split the covariates by minimizing a measure of between-node differences in
bladder tumor cancer data set. Their study presented not very high but considerable prediction
accuracy rates. The main limitation of the study was: restriction to between-node differences,

restriction to Wald statistic and utilization of a small dataset.

Ibrahim et al., (2008); used the classical approach aspect of the CART by utilizing the proportional
hazards model for sub-distribution. They applied their technique to the breast cancer data where
several events might occur following the treatment after breast-conserving surgery. Their study has

two major limitations: First, they only considered splitting on a single covariate. Secondly, the
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variables were selected based on the between-node experiences solely on survival analysis without

competing risks.

Fiona (2008) proposed classification and regression tree for analyzing time to event data with
competing risk outcomes by considering both univariate and multivariate techniques respectively.
She developed within-node and between-node trees for competing risks data. Her proposed
univariate tree for between-node tree was based on the difference between cumulative incidence
functions, using Gray (1979) as measures of impurity and event-specific martingale residuals as
measures of impurity in within-node tree. These methods addressed the problem of identifying risk
of subgroups when there is more than one competing risk event. The major limitations of this study
are: they utilized only one statistical technique (i.e. Gray) and ignored other important test
statistics, their techniques were restricted to survival analysis with competing risks, and their major
goal was to allocate organ to the patients on the waiting list while they ignored other prognostic

factors that can be dangerous to the patients.

Yuhong et al. (2006) developed Bayesian computational method for Classification and Regression
Tree (CART) model. Their modeling innovations include a formal prior distribution structure for
tree generation known as “pinball prior” that allows the combination of an explicit specification of
a distribution for both the tree size and the tree shape. Moreover, they used the new Metropolis-
Hastings for their computation. They evaluated the effectiveness of the proposed algorithm in two
examples, one with a constructed (simulation) data set and one concerning analysis of a published
breast cancer data set. The major drawback of this study is their restriction to classical regression

analysis, and non-survival data whether with or without competing events.
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Chipman et al. (1998) proposed a stochastic search form of classification and regression tree
motivated by a Bayesian model. They explored the use of an approximation to a probability
distribution over the space of possible trees using reversible jump Markov Chain Monte Carlo
Methods. A Bayesian model was set up for the distributions of the data points in the terminal
nodes, using different forms for classification tree and regression tree problems. Furthermore, they
generate samples from the joint posterior of (k,0%) by using a class of reversible jump
Metropolis-Hastings algorithm. However, their drawback is like Yuhong et al. (2006), their
proposed technique is only applied to classical regression analysis, without considering survival

analysis scenario.

Ishwaran et al. (2014), introduces survival random forest into survival analysis with competing risk
events. This technique was fully non-parametric for high dimensional survival data on HIV/AIDS
that contains many competing risks events. The method was used to select event specific variables
and for estimating the cumulative incidence function. The major limitations of this study are that
their method was purely based on non-parametric approach and they only provided probability of

survival via cumulative incidence function.

Kretowska (2012) proposed a dipolar ensemble tree for analyzing competing risks. This method
was built under the learning sets. The proposed technique has the capability of accounting for
incomplete censoring in the data set via the cumulative incidence function. The limitation of this
technique is similar to Ishwaran et al. (2014), where only probability of survival was estimated via

their technique and small data set was also utilized.

Orna and Kooperberg (1995) developed a method based on trees and splines (polynomial), to

analyse two data using Classification and Regression Tree in survival analysis and Cox
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Proportional Hazard (CHS). The strength and weaknesses of the two methods were compared and
tested using model dimension, BIC-value and Log-likelihood based on the Coronary heart disease
data. The two major limitations of their study are: Firstly, they consider only survival analysis
without competing risks, and log-rank was used as a measure of separation between the nodes,
other important statistics were ignored. Secondly, their methods only considered a basis function

with polynomial of order two, instead of allowing the techniques to select the best splines.

Wei and Jeffrey (2016), proposed Classification and Regression Tree in survival analysis for left
and right truncated which can be used as traditional survival tree-based method. The methods were
further extending to time varying covariates. Both simulation and real-life data were used to
validate the performance of the proposed methods. The major drawback of this study is: they only
applied their method to survival analysis without competing risks and only between-node

separation was considered.

Feng et al. (2006), a tree-structural method was developed to extend the Classification Regression
Tree (CART) algorithm to multivariate survival data. The proportional hazard structure was
assumed to take effect on the whole tree. The method works directly on the marginal survivor
distribution that uses a sandwich estimator of variance and accounting for association between
survival times. The proposed method was applied to a prostate cancer and evaluated its
performance by several simulations studies. The only limitation of this study is that only the Wald
test statistic was used as splitting rule and the survival tree was developed by maximizing between-

node separation.
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2.4 Related Research in Multivariate Adaptive Regression Spline Survival Analysis Based

In 2007, Kriner proposed a new model for modelling survival time data with Multivariate adaptive
regression spline (Kriner, 2007). The martingale and deviance residuals of a Cox PH model were
used as responses in a common MARS approach to model functional forms of covariate effects as
well as possible interactions in a data-driven way. She performed different simulation studies to
the newly developed methods and compares her results with the existing classical method, and the
new methods yield a better fit to the data than the existing method. She further applied a real data
of the German Heart Center on survivors of an acute myocardial infraction and the results revealed
a good performance of her proposed methods over the classical methods. However, the major
limitation of this study is that the deviance and the martingale she considered can only be used

mainly for a data set that is heavily skewed and failed when skewed to both sides.

Kooperberg et al. (1997), proposed an automatic procedure that uses linear splines and tensor
product for fitting classical regression model to data consisting a polychotomous response variable
and one or more predictors. This procedure consists of using maximum likelihood, stepwise
addition, stepwise selection and model selection by using some performance indices such as
Akaike Information Criteria (AIC) and cross-validation procedure. Unfortunately, this technique is
only applied to classical regression model and polychotomous response, but not in survival

analysis. This formulates the major drawback of their technique.

LeBlanc and Crowley (1999), developed a method for modelling adaptive regression spline in
survival analysis. The method utilizes both Cox regression model and weighted least square for
multivariate adaptive regression spline, to adaptively select knot and covariate in the data set. The

proposed model was applied to simulation data and clinical trial for myeloma data set. The major
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limitation of this study is that: their methods is restricted to likelihood estimate of the CPH, and
focus majorly on the variable selection based on adaptive spline. The interaction effect of the

covariates is not considered but rather ignored during their simulation processes.

Costa and Shaw (2006), built a cubic spline that aids the implementation and interpretation of
penalized spline, irrespective of the selected knot. This approach was called value-first derivative
parametrization. Bayesian inference by exploring the natural link between quadratic penalties and
Gaussian priors was adopted and an empirical Bayes method was used as a model selection type
criteria. The proposed model application was performed on survival rea-life data. Their techniques
are strictly on Bayesian inference and no consideration is given to the model when prior is not
available, particularly on a real-life data. Additionally, their model is built majorly on classical
regression analysis, no consideration on survival data. All these points formulate the major

drawback of their study.

Bani et al. (2000), adopt the use of Bayesian multivariate adaptive regression spline approach to
model univariate and multivariate survival analysis data with censoring. The model contains
proportional hazard model as a subclass, and automatically detect departure. The algorithm used to
estimate the hazard function as well as survival curve was based on reverse Markov chain Monte
Carlo. The major drawback of this techniques is similar to Bani et al. (2000), where the methods

are strictly on Bayesian approach on classical regression analysis only.

2.5 Related Research on Artificial Neural Network in Survival Analysis

Chih-Lin et al. (2007), adopt the theory of Artificial Neural Networks (ANNSs) to model time to
event data problems. Three layers, feed-forward ANNs with sigmoid activations function was

applied and the network was trained using standard back-propagation algorithm which contains
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three layers, an input layer, a hidden layer, and an output layer. The results of the model were
compared with Kaplan Meier estimate based on two cancer data set. The main limitation of the
study was the utilization of survival data without competing risk and no major statistical measure

of indices was used to compare their results.

Malgorzata and Leon (2000), designed artificial neural network for prediction of survival time.
The main aim of the method was to identify areas in the feature space of homogenous in the
survival analysis perspective. Moreover, the method is based on minimization of a piece wise
linear function and dipolar criterion function designed to account for censoring in the data set. This
study has two major limitations: First, they lack an enhanced data-mining perspective which would
utilize machine learning and artificial intelligence tools to reveal the previously-unknown
potentially-useful patterns. Secondly, the variables were selected based on dipolar criterion, which

cannot account for the interaction effects among the covariates.

Also, Jonas et al. (2013) developed a prognostic index model for survival analysis based on an
ensemble of artificial neural networks that optimize directly from the concordance index.
Approximations of the c-index are avoided with the use of a genetic algorithm, which does not
require gradient information. The model is compared with Cox proportional hazards based on
some performance indices. This study is restricted to survival data analysis without competing
risks event and no consideration is given to a with-competing-risk scenario, and this forms the
major limitation of this study. A more lately held study has the same drawbacks, which was

proposed by Yanying (2010).

Yanying (2010), applied the concept of artificial neural network to a survival data set. The data set

was analyzed by a piecewise standard Cox PH model, a piecewise marginal Cox model and the
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PLANN neural network approach. The performance of these methods were compared using
hazard ratio and survival probabilities. However, similar to the aforementioned studies, their

limitations are the same but with addition of using the marginal CPH model.

Kalderstam (2015) explored different methods to predict the patient's survival
chances using artificial neural networks (ANN). The techniques utilize a genetic algorithm to train
ANN models to maximize (or minimize) non-differentiable functions, which
are impossible to combine with traditional ANN training techniques which rely on gradient
information. The methods does not use a genetic algorithm approach, rather they take the
approach to modifying the underlying data. Regular gradient methods used to train ANNs on
survival data were estimated in a maximum likelihood framework. The major limitation of this
study is that: their study is restricted to survival data analysis without competing events, and no
consideration is given to competing events. Their techniques also applied to a small survival

dataset with just one events of interest.

2.5 Summary and Research Gaps

The classical methods for analyzing survival data without competing risks include: Parametric
Models (i.e. modelling survival data with exponential, Weibull and Lognormal distributions), Cox
Proportional Hazard (CPH), and Kaplan Meier. While survival data with competing risks can be
modelled with the following methods: Cumulative Incidence Function and Cause-Specific Hazard.
However, the main limitations of the aforementioned studies are that they do not give satisfactory
results at the local or regional levels when the underlying assumptions that govern the usability of
these models fail when the survival data is of high dimension (i.e. the number of observation is less

than the number covariates). These refer to a major gap in modelling of survival patient with
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Cancer disease (or other diseases). Therefore, if a well-established decision support system that
would determine good indicators of medical urgency/priority through data mining-based survival
and prognostic analyses can be developed; there will be a linkage to better simulation scenarios
and results at all levels of disease prognostic risk factors. Similarly, such a comprehensive
methodology could help incorporate more survival outcome of the disease at various levels of
risks. This research study is intended to cover all these aforementioned gaps and pave way to

overcome these challenges as further explained in Chapter Three.
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CHAPTER THREE

METHODOLOGY

This work adapts integrated data mining methods to model the complex relationship between
predictor variables and survivability. The techniques to be extended to survival based-tree are:
Classification Regression Tree (CART) via within-node homogeneity at the first step (Task 1) and
between-node heterogeneity at the second step (Task 2), Multi-layer Perceptron Artificial Neural
Network (MLPANN) at the third step (Task 3) and Multivariate Adaptive Regression Spline
(MARS) at the last step (Task 4).A pictorial representation of the overall Classification Regression
Tree (CART) methodology is illustrated in Figure 3.1. These four tasks are further explained in the

following sections.

Classification and Regression Tree [CART)

Surviva Based-Tree

/ .,
= L]
Task 1: Within-node Homogeneity CART Task 2: Between-node Heterogeneity CART
The Impurity measures to be adopted are: The adopted test statistics are: Neyman Test,
Cox-5nell and Deviance Residual Kolmogorov Test, Pepe and Fine & Gray Test

S t
CART Algorithms

i Growing Satge
a. Splitting rule, using task 1 or 2 (i.e adopted methods)
b. Stopping criterial (if node is less than 10 or 20)

iil. Pruning stage: Segal (1988) pruning methods will be adopted

Fig. 3.1: Framework for Classification and Regression Tree (CART) research methodology



3.1  Classification and Regression Tree (CART) Methodology

A simplified description of CART is presented in this subsection, so that the subsequent
reformulations can be understood. Attention here is centered on the familiar regression setting
(Linear Regression Analysis). The Classification and Regression (CART) technique of Breiman et
al. (1984) addresses the recursive partitioning issue by constructing a binary decision tree
according to some splitting rule based on the covariates. In this way, the space of predictor
variables is partitioned recursively in a binary way. The partitioning is intended to maximize
within-node homogeneity (or between-node heterogeneity), where homogeneity (or heterogeneity)
is determined by dependent variables in the problem. The partitioning is repeated until a node is
reached for which no split improves the homogeneity (or heterogeneity), whereupon the splitting is
stopped and this node becomes a terminal node. Prediction is determined by terminal node, and is
either a class label in classification problems or the average of the response variable in Least
Squares (LS) or Least Absolute Deviations regression problems. Two stages are involved in
constructing a tree: Growing and Pruning. However, the methods of constructing a regression-tree

(i.e. growing stage) constitute four components, which are:

1. Partitioning or split on the predictor space (greedy algorithm)

2. A goodness of split criterion ¢ (s, t) that can be evaluated for any split s of any node t. The
criterion is used to assess the worth of the competing splits pertaining to within-node
homogeneity (or between-node heterogeneity).

3. A mean of determining appropriate tree size

4. Summary of the terminal node of the selected tree.

What follows is an elaborate of this aspect (Growing stage)
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3.1.1 General Algorithm to Grow Tree

The impurity functions for every possible binary split of the predictor space Z will be evaluated.
The split s could be of several forms: splits on a single covariate, splits on linear combinations of
predictors, and Boolean combination of splits. The simplest form, in which each split relates to

only one covariate, can be described as follows:

1. For continuous/ordinal covariate Z, all the possible cut points’ ¢ that split the observation
into two distinct categories is determined. i.e. Z<cand Z > c.
2. And for a nominal covariate, all the possible ways of forming two categories were

considered.

These processes will be repeated for all subsequent branches of the tree until the best split are
achieved using the stopping criteria. The traditional stopping criteria are that the sample size in
each terminal node is very small and or the subgroups are homogeneous with respect to the
covariates. Following these procedures recursively together with the best split above, the
appropriate large tree size is determined and could be used for the purse of data structure (i.e. Tree
diagram). For point of reference and specificity the definition of the goodness-of-split on the Least

Squares (criterion) is presented below according to LeBlanc and Crowley (1993).

Let t denote a node of the tree. That is, t contains a subsample {(¥,y,)}. Let N(t) be the total

number of cases in t and let

F(t) = —Yzet Y (3.1)

N(t)

be the node response average. Then the within-node sum-of-squares is given by equation (3.2)

below
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SS(8) = Yzee (n — () (3.2)

Now suppose a split s partition t into left and right daughter nodes ¢, and tg. Therefore, LS

criterion is given in equation (3.3)
¢(s,t) = SS(t) — SS(t,) — SS(tg) (3.3)
and the best split s* is the split such that
¢(s* t) = maxep(s,t) (3.4)

where the risk at the node t is given by SS(t) = p(t)s?(t) where p(t) is the proportion of
observations that fall in t and s2(t) the variance of the corresponding values of the dependent
variables. A useful feature of CART is that after growing a large tree, a pruning will be done to
get a sequence of nested pruned subtrees. This is done using a penalty measure based on the
complexity of the tree and called cost complexity. Thus, the general algorithm for pruning tree in

giving in the next subsection.

3.1.2 Algorithm to Prune Tree

The idea of pruning is to iteratively cut off branches of the initial tree, in order to allocate a limited
number of candidate sub-trees from which an optimally sized tree is selected. For the purpose of
this study method, the Segal’s pruning algorithm (Segal, 1988) which exerts little computational

burden would be considered. The steps for adopting this algorithm are as follows:

i.  Initially growing a large tree.
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ii.  To each of the internal nodes in the original tree, assign the maximal splitting statistics
contained in the corresponding branch. This statistic reflects strength of linking from the
branch to the tree.

iii.  Among all these internal nodes, find the one with the smallest statistic. That is, find the
branch that has the weakest link and then prune off this branch from the tree.

iv.  The second pruned tree can be obtained in a similar manner by applying the above two
steps applied to the first pruned tree.

V.  Repeat the process until the pruned tree contains only the terminal node, finally a sequence

of nested trees is obtained.

In subsection 3.1.3 and 3.1.4, the extension of CART into survival analysis (survival tree-based)
via within- and between-node approaches will be discussed. The extension is quite different from
the traditional regression briefly explained in the previous section and subsections since survival
data contain both time and status as a response. The sum-of-squares and absolute deviation
explained earlier will be of help and use for a different purpose. The main extension of this study
focuses on the splitting criteria which is the back bone of CART, the development of such criteria
will be explained in detail under the growing stage of tree. However, other procedures of CART

algorithm remain the same throughout this study.

3.1.3 Task 1: Survival Tree-Based via within-node homogeneity

In survival analysis with competing risks, under the univariate event, a tree will be built by
concentrating on the event of interest and adjusting for other competing risks. The study proposed
to use within-node homogeneity by using Deviance, Cox-Snell and Martingale residuals in sub-

distribution hazard function developed by Fine and Gray (1999) i.e. hazard function associated

39



with Cumulative Incidence Function (CIF). The sub-distribution hazard function A(t) is assumed

to take the form:
A(t;Z)) = Ao (D)exp[BII(Z; < ¢)]

Where Zjo(t) is an unspecified baseline sub-distribution and B’ is an unknown parameter

corresponding to cut-point ¢ (Ibrahim et al., 2008). The splitting rule (i.e. impurity function) via
Deviance, Cox-Snell and Martingale (used by Fiona, 2008) residuals will be rooted into the
general algorithm of CART. The general algorithm of the CART has been fully discussed in

section 3.1.3.1.

3.1.3.1 Growing of Survival Tree-Based via within-node homogeneity

The required homogeneity measure that is appropriate to design a survival tree-based data with
competing risks are employed, and they are: Cox-Snell, Deviance and Martingale residuals. But
the Martingale residual has been used by Fiona (2008). Therefore, Cox-Snell and Deviance
residuals will be modified for use in splitting procedure for this study. However, the performance
of the proposed methods (Cox-Snell and Deviance residuals) will later be compared with the
existing method (Martingale residual) through the cutpoint detection and tree structure. The
modification of these homogeneity measures (i.e. Cox-Snell and Deviance residuals) will be in the
following deviations: Sum-of-squares and absolute value impurity functions. This impurity

functions will be taken one after the other for further explanation.

A. Sum-of-squares impurity function

This study proposes the use of Cox-Snell (CS) and Deviance (D) residuals as measures of impurity

in m competing risk. For individual i in group k for any event m is defined as:
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I.  Using Cox- Snell Residual (CSR)
CSRI = Isy oy — N3 (Ti) (3.5)

where m is the outcome measure on the event (m = 1,2,3, ..., Jrisk) and AT*(.) denote the value
of estimated cause-specific hazard function, and the function (cause-specific hazard function) can
be calculated as follows by equation (3.6), and equation (3.5) is the estimate of the Cox-Snell

residual

- Tik ANk (S)
AF(Ty) = |, lk#(ks) (3.6)

where N, (t) and Y, (t) denote the corresponding number of event m and possible risks at time ¢

for group k, respectively.

For a node h, the study proposes using an impurity function ¢g¢s(h) based on the sum of the

square, for Cox-Snell residual is given by equation (3.7).

besrss(h) = ien(CSRI — CSRIM?, (3.7)

Let s be a possible split for the parent node P, and let L and R be the corresponding left daughter
node and right daughter node, respectively, for this split. To obtain the split that maximizes the
within-node homogeneity, the study needs to find an s (i.e. possible split) that has the largest
reduction in within-node impurity from the parent node P. That is, there is need to find an s that
maximizes the impurity function @ grss(s,P) = ¢ (P) — ps(L) — pss(R).  Further
simplification was done on the process, since ¢csrss(s,t) = p(t)s?(t) where p(t) is the
proportion of observations that fall in t and s2(t) is the sum-of-squares of the corresponding

values of the dependent variables and the results yielded equation (3.8).
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NLNR
Np

Dcsrss (s,P) = (CS_RZI CSRITQH)Z (3.8)

This process is repeated for all subsequent nodes until we research the stopping criteria described
in subsection 3.1.0. This recursive procedure grows the largest possible tree based on first

proposed splitting criterion given by equation (3.8).
ii.  Using Deviance Residual (DR)

The above steps and procedures were followed appropriately in other to produce the impurity
function via the deviance residual using the sum-of-squares. The process is done accordingly, and

the second splitting criterion is achieved and the result is given in equation (3.9).

NLNR
Np

CDDRSS(S:P) = (ﬁl" - ﬁﬁn)z (3.9)

iii.  Using Martingale Residual (MR)

Similarly, the impurity function criteria of growing tree proposed by Fiona (2008) via martingale

residual is given by equation (3.10).

NLNR
Np

D ygss (s,P) = (W’Z‘ - m}?)z (3.10)

The summary of the proposed and the existing splitting criteria based on sum-of-squares impurity

functions is given in table 3.1 for better appreciation and justification.

Table 3. 1: Splitting rule criteria on sum-of-squares impurity functions

SIN Impurity functions Status
NN, —
1 Pppss(s,P) = —— (DR — DRR)* Proposed (1)
P
NN,
2 Despss(s,P) = —— (CSR* — CSRR)*? Proposed (2)
P

42



NN, _
3 D yypss(s, P) = N (MR™ — MR")? Exist
P

B. Absolute value impurity function

The most commonly used methods in the literature is the sum-of-squares or L2 metric. However,
survival data or any skewed data is often better summarized using an absolute value because is less
susceptible to extreme values. Therefore, this study also proposes using the following impurity
functions summarized in Table 3.2 based on the absolute value function. The methods were
developed following the procedure like the one under sum-of-squares by taking the impurity

function for Cox-Snell residual as example to be ¢csrss(s, t) = p(t)|s(t)]| respectively.

Table 3. 2: Splitting rule criteria on Absolute value impurity functions

SIN Impurity functions Status
NNz, —
1 Pprav (s, P) = N |DR™ — DR Proposed (3)
P
NNz, —
2 Despar (s, P) = — |CSRT — CSRI| Proposed (4)
P
N Np, —
3 @ prav (s, P) = ILV X |MR7: — MR} | Exist
P

3.1.3.2 The Pruning of Survival Tree-Based via within-node homogeneity

In order to adjust for over fitting of the impurity function ¢ (h) described above, tree grown has
to be pruned. We used the cost complexity algorithm presented by Breiman et al. (1984) to obtain
an ordered list of optimally pruned sub-trees, substituting our impurity function for node h, ¢(h),

based on event-specific residuals.

The cost-complexity function of tree T is given as:
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¢a(T) = ZhETtd)(h) + athl (3.11)
where « is a non-negative complexity parameter.

The tree that minimizes the cost-complexity function (3.11) is the optimally pruned sub-tree. As o
increases, there are “jumps” whereby a smaller sub-tree becomes the minimizing tree for a new

value of o, say ax. The ax*’s is defined as

x« _ 9(W)-9(Th)
a* = i1 (3.12)

where ¢(T) = Ypert d(h) and Ty, represent the root node h of the tree. The subdivision with the
smallest cost complexity is pruned recursively until we have a decreasing sequence of smallest

optimally pruned sub-trees.
Ty < Ty < < Ty < T
and the arrangement of corresponding a*’s is
O =, > 1> >a;>a;=0

In other to select the final tree, cross validation method was adopted and grows an optimally
pruned tree through the sequence of trees T, < T,,—1 < -+ < T; < T, on the entire data £. Then,

the data set is divided as L) = L — £,,. For each v, we use L, to grow a nested sequence of

optimally pruned trees.

Ty < TY_, <.+ < TY < T¢, which we obtain by pruning T§ using a,, = /(@5 n41)-

In place of individual tree TY , the sum of the squared Cox- Snell and Deviance residual for the

data set £, is calculated, with aim of getting more accurate estimate of the overall impurity of
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individual grown tree. By averaging, summing over V sets and selecting the tree that minimizes
the impurity, then adjusting for the number of terminal nodes. The total impurity function given in

equation (3.12) is known in advanced. Then, by letting

(L Ly T) = There 2ien{(CSR™ — CSRI)?} represent the results of ¢ for tree T after T is

grown with £, and then assessed on £,. We then can calculate

P(Ly; Ly, Th) = nerve(ay Lien{(CSRM™ — CSRIM)?} for every value of v and take the average,

1
¢CV(Tm) =V 115=1 ¢(Lv; L(v); Trg)

The final tree, T (a,) , is selected from the real list of optimally pruned sub-division trees grown on
the whole section £. The T(a,.) is the smallest optimally pruned sub-tree that has the minimum

cross-validation adjusted ¢, (T) for a = a.. This means it is
T(ac) = a‘rnge-{Tolmle}¢CV (Tm) + aclTrgll

We apply this process to Deviance Residual. This process is similar to the one adopted by Fiona

(2008) and LeBlanc et al. (1993).
3.1.3.3 Simulation Studies for Survival Tree-Based via within-node homogeneity

In this section, the full details of simulation scheme were discussed in order to investigate how
accurately the adopted techniques detect cut-points on a covariate and how well the tree
procedures detect the data structure. We compared the performance of proposed within-node
homogeneity tree based on an event specific Martingale, Deviance and Cox-Snell residuals

impurity function with sums-of-squares and absolute deviations presented in Table 3.1 and 3.2.
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The survival times were simulated based on proportional distribution (exponential) and non-

proportional distribution (log-normal).

i.  Cut-Point Detection Simulation Scheme

The essence of the simulation is to determine and investigate the accuracy of the proposed methods
to detect the correct cutpoint on the covariate and also check the performance in respect to data
structure. Additionally, we compared our methods with the methods used by Fiona (2008). Two
major distributions are of interest and these are: exponential and log-normal distributions, and the

survival time were simulated based on these two distributions.

Tables 3.3 and 3.4 showed the setups for differentiating the models used for the simulation in
which the Cumulative Incidence Function (CIF) for the two events (i.e. the competing risks) were
dependent on a covariate Z at a known cutpoint C. The cutpoint was set to range between 0.1 to
0.9 and Z was set to follow a uniform distribution with minimum 0 and maximum 1. Each model
was generated with different failure rate such as letting Z < C; and Z > C;, for i = 1lor 2. These
rates were selected to approximate the real-life situation of patients with the disease (e.g. cancer
disease). The censoring rates was categorized into three classes: Low censoring (25% i.e. first
quartile), Moderate censoring rates (50% second quartile) and High censoring rates (75% Upper
quartile) depending on the exponential and log normal distributions. For the log normal, the shape

parameter o = 1 was used for every censoring rate.

The sample size for each observation is 200, and 2000 data set for each model were generated
using Bootstrap technique. To compare the performance of proposed splitting rule, we used the
following performance measures: Mean, Median, Standard Deviation (SD), Mean Absolute Error

(MAE) and Root Mean Square Error (RMSE).
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Table 3. 3: Model for Data Structure Detection via Exponential Distribution

2000 A
Zi=1 |C_Ci|

Exponential distribution
Cumulative Incidence Function (CIF) Event1 | Cumulative Incidence Function
(CIF) Event 2
Low censoring rate (25%)

Cut-point Fi(t|Z <¢) F(t|Z>c Fi(t|Z <c¢) Fi(t|Z>c
0.1 Exp(0.2) Exp(0.4) Exp(0.7) Exp(0.5)
0.2 Exp(0.2) Exp(0.4) Exp(0.7) Exp(0.5)
0.9 Exp(0.2) Exp(0.4) Exp(0.7) Exp(0.5)

Moderate censoring rate (50%)
0.1 Exp(0.1) Exp(0.3) Exp(0.4) Exp(0.2)
0.2 Exp(0.1) Exp(0.3) Exp(0.4) Exp(0.2)
0.9 Exp(0.1) Exp(0.3) Exp(0.4) Exp(0.2)
High censoring rate (75%)
0.1 Exp(0.1) Exp(0.3) Exp(0.7) Exp(0.5)
0.2 Exp(0.1) Exp(0.3) Exp(0.7) Exp(0.5)
0.9 Exp(0.1) Exp(0.3) Exp(0.7) Exp(0.5)
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Table 3. 4: Model for Data Structure Detection via Lognormal Distribution

Log-normal distribution

Cumulative Incidence Function (CIF) Event 1 Cumulative Incidence Function (CIF)
Event 2
Low censoring rate (25%)

Cut-point Fi(t|Z <¢) F(tlZ>c Fi(t|Z <c¢) Fi(tlZ>c
0.1 Log-normal(1.25) Log-normal(0.5) Log-normal(0.1) Log-normal(0.25)
0.2 Log-normal(1.25) Log-normal(0.5) Log-normal(0.1) Log-normal(0.25)
0.9 Log-normal(1.25) Log-normal(0.5) Log-normal(0.1) Log-normal(0.25)

Moderate censoring rate (50%)
0.1 Log-normal(2) Log-normal(0.75) Log-normal(0.25) Log-normal(1.25)
0.2 Log-normal(2) Log-normal(0.75) Log-normal(0.25) Log-normal(1.25)
0.9 Log-normal(2) Log-normal(0.75) Log-normal(0.25) Log-normal(1.25)
High censoring rate (75%)
0.1 Log-normal(2) Log-normal(0.75) Log-normal(0.1) Log-normal(0.25)
0.2 Log-normal(2) Log-normal(0.75) Log-normal(0.1) Log-normal(0.25)
0.9 Log-normal(2) Log-normal(0.75) Log-normal(0.1) Log-normal(0.25)

Data Structure Performance

We examine the ability of the adopted survival tree methods via the data structure on survival data
with competing risks. In the Table 3.5, models 1 and 2 were generated from exponential
distributions, and models 3 and 4 were also generated from log normal distributions. We let two

predictors Z, and Z, to be associated to survival times, and four others Z5,Z,, Zs and Z, be

independent of survival times. Covariates Z,, Z; and Z, were made to be binary in nature and
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simulated from binomial distribution with parameter p = 0.5. Whereas other covariates Z,, Z; and
Z were simulated through the uniform distribution with the following ranges (parameters): [0,
0.25], [0.5, 0.75] and [0,1] respectively. This study considers 50% censoring rate for all the
simulation on both additive and interaction models. Model 1 and 3 had an interaction
(multiplicative) effect on Z, and Z,, so that a tree with three terminal nodes would be expected to
be best data structure. Similarly, model 2 and 4 had additive hazards for the competing event i

based on Z; and Z,, a tree with four terminal nodes would be expected to be the best data structure.

This study constructed 100 trees with 500 sample sizes for each simulation. To measure the
performance of the proposed splitting rule, both the number of terminal nodes in each tree and the
forecasting capability of the tree were considered. The generated 500 observations were used to
validate the data sets without censoring for each simulation and estimate the mean absolute
difference between the risk 1 failure time for each observation in a validation data set and the
median of risk 1 failure time predicted by the tree. Similarly, this is also repeated to the second

event 2 and below is the computation procedure for risk 1 and risk 2 times respectively, as

7|

1 N; A 1 |TY N R
MAE, = N_12n=12i=ii|Ti1h —tinl,  MAE, = N—22| | 20 Ty — Ton |

h=14i=1

Where N,; represent the number of event 1 in nodeh, N; total number of event 1, T;,;, is the ith
failure time for event 1 in terminal node h, and £, is the median event 1 failure time based on the
training data for terminal node h. This interpretation is also applicable to event 2. 1 is choosing as
complexity penalty function, 20 numbers of minimum observations in each terminal node is

allowed and 10-fold Cross Validation technique was used to select the final tree.
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Table 3. 5: Description of models used for simulation in data structure performance

Model Cumulative incidence function Expected terminal
Fi(t/Z,Z,) nodes
|T¢]
1 | Exponential A = 0.1 + 0.31{(Z, > 0.5) N (Z, > 0.5)} 3
2| Exponential A = 0.05 + 0.21(Z; > 0.5) + (Z, > 0.5) 40r2
3 Log normal p =2+ 1.5I{(Z, > 0.5)n(Z, > 0)},c =1 3
4 Log normal p =2 —0.85I(Z, > 0.5) + 0.85Z,,0 = 1 4or2

The main objective of these simulation schemes in subsection 3.1.1.3 is to gain invaluable insight
into the performance of the proposed splitting rule presented in Table 3.1 and 3.2 on survival
based-tree method, which is the main focus of this section. In this section, it can be concluded that
Task 1 has been achieved and the various numerical results of the simulation schemes will be

presented in Chapter four.

3.1.4 Task 2: Survival Tree-Based via between-node heterogeneity

Between node heterogeneity Classification Tree requires estimating the change in homogeneity
from parent node to daughter nodes for every possible split, and later selects the outstanding split
at each node of the tree. The best split is taken by measures of impurity function denoted by @.
CART also uses between nodes to maximize impurity function based on selected test statistics.
The value of impurity will be obtained by moving from the parent node p to the left node L and

right node R.
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In between node homogeneity, the main procedures of growing tree are in four phases. The first
procedure requires choosing a suitable measure of homogeneity for the response (outcome). The
second procedure required technique for growing the tree and by choosing appropriate stopping
criteria (e.g. stopping when the sample size is very small in each terminal node or having identical
covariates in tree). Thirdly, the grown tree should be pruned in order to remove the excessive trees
and outliers. The final procedure requires selecting the best tree after pruning and this can be
achieved by choosing the simplest tree that will categorize the observations effectively. In this
study, all the four criteria will be adopted into survival model with more than one risk and

subsequent paragraphs explain the adaption in full details.

In tree construction, growing and pruning are required. In this segment, we describe the methods
used in both stages of constructing a tree that maximize between-node heterogeneity for data with

competing risks.

3.1.4.1 Growing of Survival Tree-Based via between-node heterogeneity

The tree is grown by selecting any possible splitting function on the covariates space Z based on
the event specific cumulative incidence function (CIF). The CIF is a useful quantity for competing
risk problems, and is the probability of occurrence by time t for a particular type of failure in the
presence of other risks. CART is a non-parametric statistics that is why CIF is used to test the
equality of competing risks. Characteristically, the inference for a CIF is based on its renowned
Aalen-Johansen estimator (AJE) (1978). Conversely, due to its complicated limit distribution,
additional methods are needed to gain AJE-based inference methods (Dobler and Pauly, 2014).

This complication can be pointed out when constructing simultaneous confidence bands for a CIF,
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and can be corrected using Lin’s resampling method (Lin et al 1993 and Lin 1997) or the

monograph of Martinussen and Scheike (2006).

In recent times, it has been pointed out that Lin technique is a special illustration of the general
Wild bootstrap, see Cai et al. (2010), Elgmati et al. (2010) and Beyersmann et al. (2013).
Additionally, the weak convergence of the wild bootstrap and other weighted bootstrap versions of
the AJE have been rigorously studied in Beyersmann et al. (2013) as well as Dobler and Pauly

(2013 and 2014).

After growing a tree, we used the methods proposed by Gray (1988), Pepe and Mori (1991,1993),
Kolmogorov-Smirnov test (2007, 2014) and Neyman Smooth test (2007) to compare the two CIFs.
These techniques extended the rank-based test for survival data with univariate event (e.g. log-rank
test, Generalized Wilcoxon test, Fleming-Harrington test, Tarone—Ware test and Peto—Peto—
Prentice test) to apply to data with competing risks. This process (splitting) was repeated and

compares the CIF until we found two groups with maximum between-node heterogeneity.

We consider k = 1,2 as an indicator of two groups, for any given split. It was known that in the
competing risks model, failures or events of interest are classified into non-overlapping exclusive
types. Suppose data from competing risk model are i.i.d. random vector {(T;,6;), 1 <i < n}
with J different event types(j = 1,2, ....,J). By assuming that the event of interest is event 1 from

this point forward and events j = 2, ....,J are referred to competing risk events.

LetT2, Ciy and &89 be the true failure time, true censoring time and indicator of true event type,
respectively, for the ith individual in groupk = 1,2. Each subject i in set of data are observed
as(Tix, 6ix), Where Ty = min(T%,Cy) andsy, = 65 I(Ty < Cy). It was assumed that

observations from different individuals within a group are independent and identically distributed:;
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however, we assumed that the underlying competing risk processes for each individual are not
independent. Moreover, we assumed that the censoring rates are independent of the failure time T,

for any event j.

Let Fj, (t) = P(Tj, <t, 63 = j) denotes cumulative incidence function (CIF) for failures of type j
in groupk. For every possible split of a covariate node, we need to test whether the CIFs are equal
or not, simply by Hy:F;; = F;, = F?, where F? is an unspecified sub-distribution function and
where the failure type of special interest is taken to be type 1.To simplify the presentation, the F;
are assumed to be continuous with sub-density fj, (t)with respect to Lebesgue measure. Let
Sk() = P(TY, >t) =1—3;Fy(t) be the survival function for individuals in groupk. In
general, we take | =2 (i.etwo competing events). It has been pointed out by Luo and

Turnbull (1999) that: a subject cannot fail from two causes at the same time. For each subject i,we

denote cause-specific counting processes as
Niw(©) = X2 I(Tye < 8,84 = J),
Denote all information observed up to time t by the filtration
Fr=0{N;(w,1<j<k1<i<n0<u<tht=0 (3.13)

When k = 2, this filtration is consistent with the one defined in Theorem 1.3.1 of Fleming and

Harrington (1991, p.26). Fleming and Harrington (1991, p.29) show that, foreach j, 1 < j < k,

t
M]k(t) = N]k(t) —f Aj(s)l(TES)ds' 1<i<n
0

are locally square integrable F,—martingales with respect to the filtration (3.13)
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Where Nj,(t) is the number of failures of type j by t and Y, (t) is the number of subjects still at

risk just prior to t in group k. An estimate of the cumulative function is given by
Fie(®) = [y Sk N (), ¢ = 0 (3.14)

The first test statistics to be considered is Gray. Gray (1998) developed a class based on weighted
integrals with respect to the difference of estimated cumulative sub-distribution hazard functions,

defined as

zZ = fOT wW(®[{1 - F,(t —)}_1dﬁ11(t) — {1 = Fip (=)} dF, () (3.15)
Where W (t) is a weight function (a predictable process) defined by Gray in 1988 as

W) ={GH*, -1<p<1,and
t
G0 =1—Fot)=1—n-1 f A= () dN, (),
0

~ -1 < ~ ~ ~
Where n = n, +n,, h™1(t) = % and h = hy + h,.
-

212121 ~x% asymptotically (see Gray 1988 and

To compare the two CIF after split, we choose to use —

Fiona 2008),

Similarly, this is applied to multivariate events with the jt* component of the rank-based test

statistic given as;

ninz

X;(t) = Jy W ()d[Fn (0) = Fp (0)] (3.16)

ni+n,
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_ 1

Ny (s) = - ZI(Tik <t 6y =))
=1

and VT/j(s) is a weighted function that converges to some weight, I/T/j(s), in probability. This
generated the second test statistic. The equation 3.16 is proposed by Pepe (1991) and related to the
one proposed by Gray (1998). However, our interest is set on univariate inference on cumulative

incidence of all causes.

Thirdly, we proposed to use Neyman Smooth test (2007) to compare the two CIFs, after growing
the tree. Neyman’s Smooth goodness-of-fit procedure is based on embedding the null hypothesis
in a smooth alternative model described by a finite number of parameters (Kraus, 2007). The
embedding is formulated in terms of densities (Rayner & Best, 1989). Testing the directional
hypothesis that the data come from a distribution with density f = f, null hypothesis is

embedding into the d — dimensional alternative

f(x;0) = fo(x)exp{GT(p(Fo(x)) — C(G)}, x € R. (3.17)
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where @ (u) = (@, (W), ..., pa(w))T,u € [0,1] are some square integrable basis function, c(8) =
log [, fo(x)exp{67@(F,(x))}dx is a normalizing constant and F, the distribution function
corresponding to f,.

The logarithm of the sub-distribution hazard ratio is expressed as a linear combination of some
functions. Now ¥, (t),t € (0,7),l =1,...,d are of the formy,(t) (FO(t' 1)/F0(r, 1)), where
Y;(u),u € [0,1] are some linearly independent basis functions (e.g. orthogonal Legendre

Polynomials of order 0,1, ....,d — 1,0r v2cos((l — 1)m).

Basically, in 2007, Kraus developed a score test of the hypothesisHy: 8 = 0 Vs. Hy: 8 + 0. He

applied the Breslow-type estimator and he finally got the score vector as

U@ = [y L(t) (dfy(6,1) — afy (6, 1)) (3.18)

R1(t, DR, (t,1)

Where L(t) = R DR, 1)

U(t) is a vector of weighted logrank-type statistics for comparing sub-distribution hazard
functions. WhenU (7) is one-dimensional (i.e.d = 1) and ¢,(t) = 1, it agrees with the statistic
of Gray (1988). He further shows that, under the null hypothesis the score vector

n'/2U () (wheren = n, +n,) is asymptotically normal with mean zero and variance matrix

1
which is consistently estimated by nz4(t,t) given in his theorem and shall be shown in our
Appendix. Accordingly, the quadratic score statistic T = U(t)76(z,t) U () is asymptotically

x? distribution with d degrees of freedom (Kraus, 2007).
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The fourth test statistic is the Kolmogorov-Smirnov test that considered the problems of testing the

equality of two cumulative incidence functions against a global alternative. The hypothesis is:

HO: Fll(t) = FlZ(t) fOI’ a” t S T
Versus
Hy: F11(t) # F,(t) forsomet <t

Where t is typically the largest on study time.

The test statistic was proposed by Bajorunaite et al. (2008, 2007) suggested by Lin (1997). The test
statistic is based on the maximum difference between two cumulative incidence functions by the

weighted version of Kolmogorov-Smirnov type;

T*$ = sup W(t)lﬁn(t) - ﬁ12(t)| : (3.19)

where W (.) is a positive weight function. A resampling method proposed by Lin (1999) will be
used to simulate the distribution of the test statistic (3.19). The derivations of the test statistic were

based on the martingale representation of the process:
Dy (t) = Vnk|[Fy () — Fi (D], k = 1,2, (3.20)

which is the back bone of the resampling technique. D (t) can be rewritten as follows:

D (1) = [foth(U)dMlK(u) + [P g W) = F(t) (fot LSO szK(u))] +

Yie(w) 0 Yy Yie(uw) Yi(u)

0p(1),

where dM;, (t) = dNj (t) — Y (t) dA; (1), j=1,2, k=1,2, are orthogonal martingales (Bajorunaite
et al. 2007, Lin, 1997). It is very important to evaluate the process in equation (3.20), in order to

make inference about F;;(t). The evaluation is difficult due to the complicated structure of the
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limiting covariance function (Lin, 1997). A resampling technique will be employed. To test the

null hypothesis,
Q(t) = Fi1(¢) — Fi5(0)

= {Fm(t) - Flk(t)} - {FZR(t) - FZk(t)}

_ D, () _ D, (t)

Vng  n,
The above resampling can be used to obtain the realizations of Q(t) and TXS for any given data
under the null hypothesis. This can be used to obtain a p-value for the test of equality of two

cumulative incidence functions.

The last method of analysis being considered is described in Fine and Gray (1999). The methods
involve analyzing competing risks in the presence of several covariates using cause-specific hazard
functions to model survival data with more than one event under proportional hazard assumptions.
The authors develop a semi-parametric model for the crude incidence, which is similar to the one
developed by Cox (1972). The interest is on modelling the cumulative incidence function for
failure due to event j (cause 1 or 2) conditional on the covariate, say, Z, the sub-distribution

function is expressed in terms of sub-hazards as
Fi(t;Z) = P(T <t,6; = 1|2)
F(t:2) = 1— el Vit/?) (3.21)
The sub-hazard in equation 3.21 was fitted with a Cox model and gives:

v (t/2) = y,,(t) €577
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Fine and gray (1999) showed that the partial likelihood valid for estimation is given by

- iz
L(p;) =, <—B}Zl)

Lier, Wite

This implies, the risk for cause j at time t; is R; = {l:t; > t; or (t; < t; and C # j)} and the
subjects experiencing a competing cause remain in the risk set. The w;; is given to any individual

G(t)

——-Y __ where G is the survivor function for the censoring distribution.
G(mln(tl,ti))

as Wi =

3.1.4.2 Pruning of Survival Tree-Based via between-node heterogeneity

In oder to adjust for over fitting on the impurity function ¢ (h) described above, the tree grown
has to be prune. We use the cost complexity algorithm presented by Breiman et al. (1984) to obtain
an ordered list of optimally pruned sub-trees, substituting our impurity function for node h, ¢(h),

based on event-specific residuals LeBlanc and Crowley (1992,1993).
Cost-complexity function of tree T is given as

o (T) = Zpert d(h) + T, (3.22)
where «a is a nonnegative complexity parameter.

The tree that minimizes the cost-complexity function (3.22) is the optimally pruned sub-tree. As a
increases, there are “jumps” whereby a smaller sub-tree becomes the minimizing tree for a new

value of a, say a*. The a*’s are defined as

% P (h)—@(Tr)
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where ¢(T) = Ypert ¢ (h) and Ty, represent the root node h of the tree. The subdivision with the
smallest cost complexity is pruned recursively until we have a decreasing sequence of smallest

optimally pruned sub-trees.

Tm < Tm_1 < < T1 < TO
and the arrangement of corresponding a*’s is
=, > A1 > >a;>a;=0

In order to select the final tree, cross validation method was adopted and used to grow an optimally
pruned tree through the sequence of trees T, < Tp,—1 < -+ < Ty < T, on the entire data £. Then,

the data set was divided as L) = £ — L,,. For each v, we use L, to grow a nested sequence of

optimally pruned trees.

Ty < TY_, <.+ < Ty < T¢, which we obtain by pruning T§ using ay, = /(&5 ni1)-

For the data set £,, we calculate the sum of statistic for between node statistics G(T%). To

estimate G ( T,,), we average the sum of over V set as:
1
GV (Tp) = ;X1 G(TR), (3.24)
and choose the @ = a* that maximizes this average (equation 3.23).

Our final tree,T(a.) , is chosen from the original list of optimally pruned sub-trees grown on the
whole sample L. The T (a,) is the smallest optimally pruned sub-tree that has the minimum cross-

validation adjusted ¢, (T) for a = a,. This means it is
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T(ac) = argy

mef{Ty,...,

o 6 (T) + T

3.1.4.3 Simulation Scheme for Survival Tree-Based via between-node heterogeneity

In this section, this study simulates data to investigate how accurately the proposed prognostic
survival based-tree method detects cut points based on the covariates. This was done by simulating
data with two competing risks. Table 3.6 revealed the procedures and model modality adopted to
carry out the simulations. There are two models in the table, each of them was spawned from both
Exponential and Lognormal distributions with 50% censoring rate. 200 trees were constructed with
20, 50, 80,100, 150, 200, 500 and 1000 sample sizes for each simulation. All models’ results were

presented in this section for both exponential and log-normal distributions. The numerical results

and its explanations were given in Chapter four.

Table 3. 6: Simulation Procedures of Classification Tree Based on Between Node Heterogeneity

Exponential distribution

Cumulative Incidence Function (CIF) Cumulative Incidence Function (CIF) Event 2
Event 1
Moderate censoring rate (50%)
Cut-point F (t|IZ <¢) Fi(t|Z > ¢) F (t|Z <¢) Fi(t|Z > c)
0.5 Exp(0.2) Exp(0.4) Exp(0.7) Exp(0.5)
Lognormal Distribution
Cut-point Fi(tlZ <0 FitlZ>c Fi(t|Z <¢) FitlZ>c
0.5 Log-normal(1.25) | Log-normal(0.5) Log-normal(0.1) Log-normal(0.25)

3.2 Task 3: Extension of Artificial Neural Network in Survival Analysis with Competing Risks

The original function of neural network (NN) was to use computer-based model to mimic human

brain. The most widely used NN is called the Multi-layer perceptron (MLP) system, which
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consists of a set of input features, a number of interactive layers, in between the inputs and output
layers and specifically one output layer (Yahya et al; 2012). Fig. 1.3 & 1.4 in chapter one
demonstrated the functional relationship between the two input variables input 1 and input 2 and
the response (output) variable while the appropriate network parameters (weight) were estimated.
In addition, the activated function (F (X)) is used to transform the processed input into output
(Paula and Joao., 2008).
The simplest multilayers perceptron is given in the equation below

o(x) = f(wg + X7, wix;) , (3.25)
where w, denotes the intercept, w; = (wy, w,, ..., wy,) the vectors consisting of all synaptic weight
without the intercept, x = (x;, x5, ...,x;) is the vector of all covariates and o(x) is the response
variable (Frauk et al., 2010).
The study proposed to use the event-specific Cox-Snell residual as an outcome measure for event
m risk (m = 1 and 2), for individual i in group k, this residual for the event of interest (j = m) is
defined as

f.c‘rgc = I{Sik=m} - Kgl (Tik) (3.26)

Where ATH(.) is the estimated cause-specific cumulative hazard function. This function can be

estimated by

~m [T dNy(S)
Aqg (Tik)—J;) BAGH

where N;,(t) and Y, (t) are the number of event 1 and number of risks at time t for group Kk,

respectively (Dauda et al., 2015).

Moreover, we proceed to formulate a new neural network by substituting the response variable in

equation 3.26 by equation 3.25. Thus, we have our model to be



exp(B'x) Hy(t) = f <W0 + z Wl-x,->.

Hence, the estimate of our proposed model by equation 4.4 becomes

o = f(wo + Xy wixy), foralli = 1,2,....,n.

Additionally, we proposed to increase the model flexibility by the inclusion of hidden layers.
Conversely, it has been prove by Hornik et al. (1989) that one hidden layer is sufficient to model
any continuous functions. However, the Cox Multi-layer perceptron (CMLP) with J hidden neuron

layers can be estimated as follows:

] n
'f’\gz’; =f Wo +ZW]f<WOJ +Zwl-]-xl-)
j:l i=1

where w, denotes the intercept of the output neuron and wy; the intercept of the j** hidden neuron.
Likewise, w; denotes the synaptic weight corresponding to the synapse starting at the j** hidden
neuron and leading to the output neuron, w; = (wq;, wyj, ..., wy; ) the vector of all synaptic

weights corresponding to the synapses leading to the j** hidden neuron, and x = (x;, X3, ..., Xp)
the vector of all covariates. It has been clearly stated by Frauke and Stefan. (2010) that the weight
is the parameter of neural network and in the proposed model, weight is also considered as
parameters to be estimated. All weights are usually initialized with random values drawn from a

standard normal distribution. During an iterative training process, the following steps are repeated:

a. The neural network calculates an output 77 for given inputs x and current weights. If the
training process is not yet completed, the predicted output 7.7 will differ from the

sm
observed output 77 .
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b. Anerror function E, the sum of squared errors (SSE)

L H [cpsm am . 1
2l=1 Zh=1[(rcik)lh_(rcik)lh]

2

E =

The cross-entropy is E€¢
L H
gee ==y 3 [((), log ((2,,) + 0 - (22), D1ogt = Gy

The Error measures the difference between predicted and observed output, where [ = 1,...,L

indexes the observations, i.e. given input-output pairs, and h = 1,..., H the output nodes.

c. All weights are adapted according to the rule of a learning algorithm. These procedures are
similar to Frauke and Stefan (2010) (see Appendix for the R codes).

d. Finally, we adopted Resilient back propagation algorithm to train the ANN in the model
CMLP. Also, four different hidden (2, 5, 10 and 15) layers were applied with sigmoid

transfer function.

3.2.1 Relative Important by Garson Algorithm

After experimenting with the proposed model CMLP on the real-life data, to measure the
contribution of independent (input) variables on the response variable, the Garson Algorithm
(1991) were employed. The algorithm partitions the hidden layer weights into components
associated with each input node. Subsequently, the percentage of all hidden node weight associated
with the input node was used to measure the relative importance of that attribute. In general, each

input j, where j = 1,2, ..., i, the relative importance (RI;) can be calculated using the equation (5).
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Zk|1,|m| ]| ]
|

(3.27)

N

2
Yn=1|2

In equation (5), N; and N, are the number of input and hidden neuron respectively, wis the
connection weight, the superscripts "i","h" and "o" refer to input, hidden and output layers,
respectively and subscripts "k","m" and "n" refer to input, hidden and input neurons used. In our
case there is only one output neuron. In this algorithm, each input node j, the relative contribution
of j to the outgoing signal of each hidden neuron is calculated and presented in percentage, which
then serve as measure of importance for each node of the given variable. Additionally, the entire
input variables with smallest contribution to the final output of the network is eliminated (Garson,

1991).

To validate the performance of the proposed model survival data with competing risk, three real-
life data sets were considered. These datasets were analyzed based on the proposed technique and
their empirical results were compared to the classical survival model. The various results are

presented in Chapter four.

3.3 Task 4: Extension of Multivariate Adaptive Regression Splines in Survival Analysis

The MARS techniques has been so far actualized and utilized for continuous and binary responses.
The aim of this work is to extend this method to survival time information in which the Cox-Snell

residuals of a Cox PH model shall be used as response variable in a typical MARS approach.
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In spite of the semi-parametric nature of the Cox PH model which makes it different from the
standard parametric model with less assumption on the survival time, there exists a number of
diagnostic tests that can be employed to check the model’s adequacy, misspecification, outliers and
influential points just to mention a few. These diagnostic tests include the test based on re-
estimation (the Link test), the tests based on residuals (Schoenfeld Residuals, Cox-Snell Residuals,
Martingale Residuals and Deviance Residuals) and the graphical diagnostic methods (see Hess,

1995 and Garrett, 1997 for more detail).

Of the above residual types of the Cox PH model, the Martingale and Deviance residuals have
been successfully employed as response variables in the common MARS implementations (Kriner,
2007). In this work therefore, a model that used the Cox-Snell Residual for survival analysis with
MARS is proposed. Results from this new model were compared with those that employed the

Martingale residuals with MARS technique.

Basically, the Cox-Snell (CS) residual like its other counterparts is often employed as a measure of
goodness-of-fit of the Cox PH model. Under the generalized residual settings, the Cox PH model

using the survivor function
S(EX) = [So(6)]xP B
is fitted to the data. In terms of hazard, the model fitted is of the form
h(t,X) = ho(t)exp(BX)
Therefore, for each person with covariates X, the estimated survivor function is

SO, X) = [Sp(£)]#*PEX) (3.28)
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This gives a predicted survival probability at each time ¢t in the dataset.

Then, the CSR is calculated by

-~

A = —log$(T; X)] (3.29)

Additionally, CS residual can be used to examine the overall fit of the Cox PH model by

computing

P
h;(t) = Hy(t)exp <Z by x]-k),j =1,..,n
k=1

where by = (by, ..., by)t is the Maximum Likelihood Estimator (MLE) of B and H,(t) is the

MLE of the baseline cumulative hazard function (Klein et al. 2003).

Within the framework of MARS technique, the whole space of the input variable is divided into k
sub-regions or groups. MARS defines a different mathematical equation for each group. This

equation relates each sub-region of input variable to the output variable.
The CSR is then computed using the following quantity;

CSike = Isyey — Do (Ti) (3.30)
where A} (.) is the estimated cause-specific cumulative hazard function which is computed by

Ry (Ty) = f, LS (3.31)

0 Yr®

where Ny, (t) and Y, (t) are the number of the event observed and the number of subjects at risks

at time t in group k respectively.
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MARS uses the following two-sided truncated power functions as splines basis functions:

(=) ifx<t
[~ -0li = {0, otherwise

ST (x—=0%ifx=>t
[+ =Dl = {0, otherwise

where q is the power and t is the number of knots. This gives rise to the final model
Y=Ff(x)=ay+ X™_,amnBny (x) (3.32)

where Y is the output variable, x is the input variable, a, is the constant term, m is the number of

the splines functions, and a,,, and B,, are the m" splines function and its coefficient respectively.

The execution of the MARS technique follows the algorithm explained in Chapter two and the

procedures still holds for survival analysis

3.3.1 Simulation Studies of the Survival MARS
Simulation studies are an important statistical tool often employed to examine the performance,
power and other properties of a new statistical method or approach. Thus, various schemes

employed for the Monte-Carlo experiment in this study are presented in this section.
i.  Simulating Survival Times

Survival times were simulated from the three selected distributions; i.e. Exponential, Weibull and
Gompertz distributions. Table 3.17 shows the methods employed for generating the survival times
across these three distributions. Some general considerations employed in the Monte-Carlo

experiment are based on the following:

The survival function of the Cox PH model is given
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S(t/x) = exp[—Hy(t)exp(f (x))]
and the cumulative survival function is defined as
F(t/x)=1-5(t/x)
where H,(t) = fot ho(w)du, is the cumulative baseline hazard function (Yahya and Ulm, 2009).

Table 3. 7: Statistics for generating survival times across the specified distributions

Distribution

Exponential Weibull Gompertz

Scale parameter A > 0

Scale parameter 1 > 0 Shape parameter « €

Parameter | Scale parameter A > 0 Shape parameter V > 0

(_00'00)
Survival _ logw logw) P | n_1, [, _ dog
time Aexp(f(x)) r= I-jgggz;fgjj r=3lo [1 Aexp(f(x))
Hazard | h(0) = 2exp(F()) | h(D) = 2exp(fCVE" | h(t) = Aexp(f(x))exp(at)

Five covariates x, ..., xs were simulated over n = 1000 samples from different distributions as
follows: x,~U[30,75], x,~bin(n,0.5), x3~N(0,1), x,~U[0,10] and xs~bin(n,0.7) with

u~U[0,1].

In the simulation of survival times (t) under the three distributions (Exponential, Weibull and
Gompertz) employed in this work, only the linear, nonlinear and interaction effects of covariates
x; and x, on the response variables (t) were considered. The other covariates x5, x, and xs were
introduced into the model as nuisance covariates that are expected to be identified by the survival
MARS model itself. This concept was first introduced by Friedman (1991) and later by Kriner

(2007).




Therefore, for the Exponential distribution, the survival time t was simulated according to the

scheme adopted by Kriner (2007) using the relation:

—log(w)
2
0.5 exp[0.04(%) - 6x2+0.1x1x2]

t =

For the Weibull distribution, the survival time t was simulated from the relation

—log(w)
2
Aexp[0.04(32) —6x,+0.1x1x2]

t =

with the shape parameter v = 2 and the scale parameter A = 5 (See Kriner, 2007).

For the Gompertz distribution, the density and survival functions of this extreme value distribution

with parameters A and o are given by

fo(t) = Aexp(at)exp (— % exp(at)) (3.33)

So(t) = exp (—%exp(at)) (3.34)
with the expressions for the mean and variance given by;
ET) = o =~ (log(5) +7) (335)
TL’2
V(T) =cé = P (3.36)

where y = 0.5772 is the Euler’s constant and m = 3.14159. Solving equation (3.35) and (3.36) for

. V3
Aand a gives a = Teor A = aexp(—y — auy).
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The values of a, A4 and y determined above were used to compute the approximate parameters of
the Gompertz distribution independence on the mean and variance of the considered survival time.
The adopted scheme is similar to that of Bender et al. (2005) by setting the mean life expectancy
Uo at uy, = 66.86 years with a standard deviation of o, = 6 years. By this, the values of 4 and «a
were explicitly determined to be 2 = 7x10°® and a = 0.2138. Hence, the survival time t was

simulated from the relation

1
t= 0.2138 log 1 -

0.2138log(u)

2
0.0000007 exp(0.04(%) —6x2+0.1x1x2)

3.4 Summary of Chapter Three

This chapter starts with a brief explanation of the methodology to follow in the upcoming sections
and subsections. Broadly speaking, the methodological approach is based on the data mining
approaches, these techniques were successfully extended to survival analysis with and without
competing risks. The three data mining adopted (i.e. CART, ANN and MARS) were based on the
critical literature review and with reference to the drawback of classical survival methodology

highlighted in the previous chapters.

This chapter also described the simulation scheme used on this research. In particular, it
emphasized the appropriate survival time and status to use, the characteristics of the datasets and

the most suitable survival based-tree on both data structure and cutpoint.

Furthermore, this chapter stated how the methodology building process is divided into four main
tasks: Classification Regression Tree (CART) via within-node homogeneity at the first step (Task

1) and between-node heterogeneity at the second step (Task 2), Multi-layer Perceptron Atrtificial
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Neural Network (MLPANN) at the third step (Task 3) and Multivariate Adaptive Regression

Spline (MARS) at the last step (Task 4).

Finally, the next chapter (Chapter four) provides the simulation results for the various simulation
schemes highlighted in this chapter, the empirical results for various comparisons were also
showcased and the various published real-life data results were generated and presented

appropriately.

CHAPTER FOUR

DISCUSSION OF RESULTS

This chapter discusses the results of the four-task methodology applied in this study: Classification
Regression Tree (CART) via within-node homogeneity survival based-tree (Task 1) and between-
node heterogeneity survival based-tree (Task 2), Multi-layer Perceptron Artificial Neural Network
in survival data (MLPANN) (Task 3) and Multivariate Adaptive Regression Spline (MARS) in
survival data (Task 4). These results were generated based on the different simulations schemes
explained in chapter three and some published real-life data were applied to the designed and

extended methodologies.

4.1 Survival Tree-Based via within-node homogeneity (Task 1) Numerical Results

In this section, the study discusses a series of simulations designed to investigate how accurately
the splitting rule methods detect the stipulated cutpoints and how well the tree procedures detect

the data structure.
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4.1.1 Cutpoint detection results on survival based-tree via within-node homogeneity

Simulation studies were conducted on models in Table 3.3, which was adopted to assess the
performance of the proposed model in terms of cutpoint determination, under exponential
distribution. The splitting rule simulation results based on the within-node homogeneity were
presented in Tables 4.1, 4.2 and 4.3. Some abbreviations were used in the Tables and the full
meanings have been pointed out in chapter one under definition of terms. Meanwhile here are the
few ones used in this subsection: MRSS= martingale residual sum-of-square, MRAV= martingale
residual absolute value, DRSS= deviance residual sum-of-square, DRAV= deviance residual
absolute values, CSRSS= Cox-Snell residual sum-of-square and CSRS= Cox-Snell residual

absolute value.

The performance of the proposed model based on mean and median over the existing methodology
adopted by Fiona (2008) was revealed. As a matter of fact, the proposed model estimated values
that were much closer to the cut point selected than the existing techniques established by
exponential distribution irrespective of the censoring rate (i.e. whether low, moderate or high), for
example, in Table 4.1 the mean and median of MRSS are 0.4076 and 0.3147 while DRSS(Proposed)
are 0.3521 and 0.2277. The DRSS(Proposed) mean and median are closer to the cutpoint 0.1 than the
MRSS and therefore being regarded as the best method, and other comparisons were made in

similar manner.

i. Results of Exponential Distribution over the various censoring rates (25%, 50% & 75%)

Table 4.1: Low censoring rate 25%

Cutpoint c= 0.1
Mean Median SD RMSE MAE
MRSS | 0.4076 0.3147 0.2851 0.4194 0.3090
MRAYV | 0.4799 0.4851 0.2132 0.4356 0.3801
DRSS(Proposed) | 0.3521 0.2277 0.2656 0.3661 0.2529
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DRAV (Proposed) | 0.4351 0.4151 0.2656 0.3991 0.3351
CSRSS(Proposed) | 0.4001 0.2993 0.2821 0.4119 0.3013
CSRAV(Proposed) | 0.4593 0.4531 0.2160 0.4192 0.3595
Cutpoint c= 0.5
MRSS | 0.5362 0.5166 0.1683 0.1721 0.1232
MRAYV | 0.5373 0.5175 0.1034 0.1099 0.0758
DRSS(Proposed) | 0.5526 0.5206 0.1293 0.1396 0.0900
DRAV (Proposed) | 0.5377 0.5189 0.0835 0.0916 0.0595
CSRSS(Proposed) | 0.5331 0.5166 0.1674 0.1706 0.1222
CSRAV(Proposed) | 0.5328 0.5168 0.1030 0.1081 0.0743
Cut point c= 0.9
MRSS | 0.6739 0.8226 0.2699 0.3520 0.2290
MRAYV | 0.6738 0.7409 0.2189 0.3148 0.5739
DRSS(Proposed) | 0.7669 0.8737 0.2245 0.2609 0.1376
DRAV (Proposed) | 0.7382 0.8350 0.2092 0.2644 0.6384
CSRSS(Proposed) | 0.6702 0.8191 0.2747 0.3581 0.2330
CSRAV(Proposed) | 0.6851 0.7595 0.2183 0.3063 0.5851
Table 4.2: Moderate censoring rate 50%
Cut point c=0.1
Mean Median SD RMSE MAE
MRSS | 0.4206 | 0.3284 0.2845 0.4286 0.3218
MRAYV | 0.5057 [ 0.5016 0.2110 0.4572 0.4058
DRSS(Proposed) | 0.4237 | 0.3347 0.2853 0.4314 0.3248
DRAV(Proposed) | 0.4564 | 0.4406 0.2226 0.4201 0.3566
CSRSS(Proposed) | 0.4289 [ 0.3651 0.2819 0.4331 0.3302
CSRAV/(Proposed) [ 0.5179 | 0.5269 0.2074 0.4665 0.4179
Cut point c= 0.5
MRSS | 0.5420 | 0.5210 0.1850 0.1897 0.1405
MRAV | 0.5591 [ 0.5358 0.1178 0.1318 0.0943
DRSS(Proposed) | 0.5429 | 0.5213 0.1823 0.1872 0.1385
DRAV(Proposed) | 0.5281 | 0.5160 0.1247 0.1278 0.0899
CSRSS(Proposed) | 0.5413 | 0.5214 0.1813 0.1859 0.1374
CSRAV(Proposed) | 0.5575 | 0.5350 0.1182 0.1314 0.0933
Cutpoint ¢c=0.9
MRSS | 0.6622 | 0.8047 0.2750 0.3635 0.2409
MRAYV | 0.6954 | 0.7776 0.2254 0.3044 0.5956
DRSS(Proposed) | 0.6588 [ 0.8053 0.2777 0.3677 0.2444
DRAV/(Proposed) | 0.6353 | 0.6912 0.2296 0.3503 0.5354
CSRSS(Proposed) | 0.6535 [ 0.8003 0.2807 0.3735 0.2499
CSRAV/(Proposed) | 0.6978 | 0.7911 0.2287 0.3053 0.5979
Table 4.3: High censoring rate 75%
Cutpoint c=0.1
Mean Median SD RMSE MAE
MRSS | 0.4383 | 0.3773 0.2824 0.4406 0.3390
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MRAV [ 0.5286 | 0.5415 0.2009 0.4734 0.4287
DRSS(Proposed) | 0.4357 | 0.3751 0.2817 0.4382 0.3365
DRAV(Proposed) | 0.4685 | 0.4612 0.2129 0.4256 0.3686
CSRSS(Proposed) | 0.4429 | 0.3882 0.2848 0.4457 0.3438
CSRAV(Proposed) | 0.5391 | 0.5395 0.2027 0.4836 0.4391
Cutpoint ¢c= 0.5
MRSS | 0.5544 | 0.5331 0.1937 0.2011 0.1535
MRAV [ 0.5814 | 0.5593 0.1320 0.1550 0.1144
DRSS(Proposed) | 0.5522 | 0.5304 0.1942 0.2010 0.1538
DRAV (Proposed) | 0.5403 [ 0.5247 0.1303 0.1364 0.0983
CSRSS(Proposed) | 0.5558 [ 0.5348 0.1900 0.1980 0.1507
CSRAV(Proposed) | 0.5832 | 0.5626 0.1299 0.1542 0.1149
Cutpoint ¢c= 0.9
MRSS | 0.6369 | 0.7688 0.2799 0.3841 0.2662
MRAV | 0.6944 | 0.7941 0.2400 0.3160 0.5947
DRSS(Proposed) | 0.6316 | 0.7589 0.2812 0.3887 0.2714
DRAV (Proposed) | 0.6342 | 0.6966 0.2355 0.3551 0.5344
CSRSS(Proposed) | 0.6402 [ 0.7770 0.2833 0.3844 0.2631
CSRAV(Proposed) | 0.6936 | 0.7970 0.2455 0.3207 0.5938

The simulation results under exponential distribution were further presented using: Root Mean
Square Errors (RMSE) and Mean Absolute Errors (MAE) as shown in figs. 4.1, 4.2 and 4.3. The
various values of selected cut points varying from 0.1 to 0.9 were plotted against RMSE and MAE.
This was done to evaluate the performances and the efficiency of the proposed models based on
different levels of censoring rates. The figures showcase the efficiency of the proposed model over
the existing ones since the blue line that represents the proposed model was found below the
existing ones under low censoring rate irrespective of the impurity function. Nonetheless, the
existing model performs equally to the proposed model when the censoring rates were moderate

and yet when the censoring rate is high the proposed model outperforms the existing techniques.

Finally, the boxplot virtual display in Fig.4.4, distinguishes between the proposed model and the
existing model and it also reveals the ability of the proposed model to detect cut point more
efficiently than the existing model. In some cases, we also observed that the existing techniques

out-fit the proposed model only when the censoring rates is low with smaller cut point.
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ii.  Results of Log-normal Distribution over the various censoring rates (25%, 50% & 75%o)

Simulation studies were conducted on models in Table 3.4, which was adopted to assess the
performance of the proposed model in terms of cut point determination, the simulation was

formulated based on log-normal distribution.

Similar to the exponential simulation above, the performances of the proposed models were as well
examined based on mean and median, and their results were compared to the existing
methodologies. Actually, the proposed model estimated values show in Table 4.4, 4.5 and 4.6 give
a value that is much closer to the cutpoint selected than the existing techniques established by log-
normal distribution, especially when the censoring rate is 50% and cutpoint chosen is 0.5 (i.e.
moderate censoring). For instance, in Table 4.5 the mean and median of MRSS are 0.5467 and
0.5185 while DRSS(Proposed) are 0.4939 and 0.4900.  Nevertheless, the existing method seems to
behave better under log-normal distribution when the selected cutpoint are 0.1 and 0.9 under low
censoring, 0.9 under moderate censoring and 0.9 under high censoring. Apart from these

mentioned point, the proposed methods out shine the existing one.
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Table 4.4: Low censoring rate 25%

Cutpoint c=0.1

Mean Median SD RMSE MAE
MRSS | 0.3502 0.2196 0.2694 0.3676 0.2515
MRAV | 0.5393 0.5550 0.2168 0.4824 0.4393
DRSS(Proposed) | 0.3521 0.2277 0.2656 0.3661 0.2529
DRAV(Proposed) | 0.4351 0.4151 0.2168 0.3991 0.3351
CSRSS(Proposed) | 0.4795 0.4528 0.2835 0.4736 0.3809
CSRAV(Proposed) | 0.4932 0.4883 0.2221 0.4516 0.3935
Cutpoint c= 0.5
MRSS | 0.5467 0.5185 0.1344 0.1422 0.0928
MRAV | 0.5809 0.5499 0.1094 0.1360 0.0955
DRSS(Proposed) | 0.5526 0.5207 0.1293 0.1396 0.0900
DRAV(Proposed) | 0.5377 0.5189 0.0835 0.0916 0.0595
CSRSS(Proposed) | 0.4878 0.4822 0.2675 0.2677 0.2350
CSRAV/(Proposed) | 0.4939 0.4900 0.2041 0.2042 0.1700
Cutpoint ¢c=0.9
MRSS | 0.7472 0.8677 0.2385 0.2832 0.1570
MRAYV | 0.8463 0.8810 0.1360 0.1462 0.7467
DRSS(Proposed) | 0.7669 0.8737 0.2245 0.2609 0.1376
DRAV (Proposed) | 0.7382 0.8350 0.2092 0.2644 0.6384
CSRSS(Proposed) | 0.5092 0.5304 0.2710 0.4755 0.3918
CSRAV(Proposed) | 0.5008 0.5075 0.2124 0.4521 0.4011
Table 4.5: Moderate censoring rate 50%
Cutpoint c=0.1
Mean Median SD RMSE MAE
MRSS | 0.3168 | 0.1729 0.2639 0.3415 0.2182
MRAV [ 0.4699 | 0.4628 0.2192 0.4246 0.3699
DRSS(Proposed) | 0.2814 | 0.1568 0.2438 0.3038 0.1823
DRAV/(Proposed) | 0.3793 | 0.3277 0.2192 0.3549 0.2794
CSRSS(Proposed) | 0.4895 [ 0.4714 0.2773 0.4781 0.3904
CSRAV/(Proposed) | 0.4981 | 0.4980 0.2126 0.4513 0.3984
Cutpoint c= 0.5
MRSS | 0.5409 | 0.5175 0.0809 0.0907 0.0525
MRAV [ 0.5449 | 0.5247 0.0594 0.0745 0.0483
DRSS(Proposed) | 0.5421 | 0.5173 0.0778 0.0884 0.0501
DRAV(Proposed) | 0.5290 | 0.5150 0.0475 0.0556 0.0348
CSRSS(Proposed) | 0.5259 [ 0.5354 0.2458 0.2471 0.2084
CSRAV/(Proposed) | 0.5134 | 0.5191 0.1847 0.1852 0.1468
Cutpoint ¢c= 0.9
MRSS | 0.8718 | 0.8939 0.0944 0.0985 0.0342
MRAV [ 0.8897 | 0.8960 0.0245 0.0266 0.7897
DRSS(Proposed) | 0.8722 | 0.8942 0.0974 0.1013 0.0340
DRAV/(Proposed) | 0.8526 | 0.8910 0.1181 0.1272 0.7526
CSRSS(Proposed) | 0.5664 [ 0.6119 0.2847 0.4386 0.3363
CSRAV/(Proposed) | 0.5345 | 0.5452 0.2215 0.4273 0.4347
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Table 4.6: High censoring rate 75%

Cutpoint c=0.1
Mean Median SD RMSE MAE
MRSS | 0.2815 | 0.1562 0.2455 0.3053 0.1831
MRAYV | 0.5644 | 0.5904 0.2135 0.5048 0.4644
DRSS(Proposed) | 0.2839 | 0.1628 0.2419 0.3038 0.1848
DRAV (Proposed) | 0.3958 | 0.3603 0.2135 0.3648 0.2959
CSRSS(Proposed) | 0.4636 | 0.4318 0.2893 0.4646 0.3652
CSRAV/(Proposed) | 0.4777 | 0.4643 0.2268 0.4405 0.3780
Cut point c= 0.5
MRSS | 0.5431 | 0.5167 0.0841 0.0944 0.0544
MRAYV | 0.5669 | 0.5422 0.0765 0.1016 0.0703
DRSS(Proposed) | 0.5497 | 0.5193 0.0864 0.0997 0.0572
DRAV (Proposed) | 0.5366 | 0.5198 0.0526 0.0641 0.0415
CSRSS(Proposed) | 0.4755 | 0.4685 0.2585 0.2595 0.2248
CSRAV/(Proposed) | 0.4840 | 0.4801 0.1936 0.1942 0.1590
Cutpoint ¢=0.9
MRSS | 0.8451 | 0.8907 0.1459 0.1558 0.0614
MRAV | 0.8941 | 0.8993 0.0221 0.0229 0.7941
DRSS(Proposed) | 0.8526 | 0.8920 0.1360 0.1440 0.0542
DRAV(Proposed) | 0.8112 | 0.8842 0.1599 0.1829 0.7113
CSRSS(Proposed) | 0.5011 | 0.5158 0.2691 0.4811 0.3994
CSRAV(Proposed) | 0.5013 | 0.5098 0.2104 0.4508 0.4014

The simulation results under log-normal distribution were further presented using: Root Mean
Square Errors (RMSE) and Mean Absolute Errors (MAE) as shown in Figs. 4.5, 4.6 and 4.7. The
various values of selected cut points varying from 0.1 to 0.9 were plotted against RMSE and MAE.
This was done to evaluate the performances and the efficacy of the proposed models based on
different levels of censoring rates. The figures showcase the efficiency of the proposed model over
the existing ones since the blue line that represents the proposed model was found below the
existing ones under low censoring rate irrespective of the impurity function. On the other hand, the
existing model competes with the proposed model when the censoring rates were moderate and
high. But, when the censoring rate was low the proposed model outperforms the existing

techniques sum of square under RMSE and MAE.
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censoring rate (Lognormal Distribution)
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4.1.2 Data Structure Performance results on survival based-tree via within-node
homogeneity

Table 4.7 & 4.8 shows the result from examining the structure of our constructed trees based on
exponential and log-normal distributions. The results measure the amount of variation encores by
the proposed methodology and existing one, their various results can be interpreted as follows: The
bold-valued in these tables represent the ideal number of nodes, for multiplicative hazard model,
three terminal nodes are expected and in additive hazard model 4 terminal nodes are of interest
(Juanjuan; 2009 and Fiona, 2008). The average Mean Absolute Error was considered to check the
performance of our grown tree. Results from these simulations revealed that the proposed models
fit the data structure better than the existing methods based on the rate at which they detect the

terminal nodes. Additionally, the Mean Absolute Error of the proposed models both on
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exponential and log-normal distributions, were comparable to those presented in Fiona (2008). It is
not surprising that the performance deteriorates a little with heavier censoring. But the location of

the true cutoff point does not seem to have much effect.

Table 4.7: Examining tree structure based on 1 event of interest, through exponential distribution. N=500

+ Percent terminal nodes in final tree Average

1 [ 2] 3] 4]57] 6 [>7 MAE1 | MAE2

Model 1: Exponential A = 0.1 + 0.31{(Z, > 0.5) n (Z, > 0.5)}
MRSS 13| 3 4 41 3| 13 3] 15336 1.5098
MRAV 60| 14 13 3 3 4 3 1.5340 1.5190
DRSS(Proposed) 59 13 13 4 4 4 3 1.5310 1.5095
DRAV (Proposed) 60 15 14 3 3 3 2 1.5318 1.5160
CSRSS(Proposed) 64 7 4 7 5 6 7 1.5273 1.5185
CSRAV/(Proposed) | 86 4 1 1 4 4 0 1.5246 1.5172

Model 2: Exponential A = 0.05 + 0.21(Z; > 0.5) + (Z, > 0.5)
MRSS 60| 12| 11 5| 4 4| 4| 15143 1.5265
MRAV 79 6 5 3 2 3 2 1.5134 1.5224
DRSS(Proposed) 60 | 13 10 5 4 4 4 1.5025 1.5268
DRAV (Proposed) 70 10 8 4 2 3 3 1.5144 1.5235
CSRSS(Proposed) 66 6 6 5 6 6 5 15131 1.5237
CSRAV(Proposed) 89 2 2 3 0 2 2 15112 1.5205

Table 4.8: Examining tree structure with one event-of-interest, through log-normal distribution. N=500

Percent terminal nodes in final tree Average

1 [ 2] 3] 45 6 | >7 MAE1 | MAE?

Model 3: Log normal p =2+ 1.5[{(Z; > 05)n(Z, > 0)},0 =1
MSS 60 13 13 3 4 3 4 1.6826 2.0103
MABS 60 14 14 3 3 2 4 1.6841 2.0121
DSS(Proposed) 60 13 13 3 4 3 4 1.6826 2.0075
DABS(Proposed) 59 14 14 3 4 3 3 1.6829 2.0102
CSS(Proposed) 62 13 7 5 4 5 4 1.7326 2.0208
CABS(Proposed) | 78| 15 5 0| 05| 05 1 1.7581 2.0127

Model 4: Log normal p =2 — 0.85I(Z; > 0.5) + 0.85Z,,0 = 1
MSS 59 13 13 3 4 5 3 1.7128 1.9956
MABS 60 14 13 2 4 4 3 1.7123 1.9867
DSS(Proposed) 60| 12| 12 3] 5 5 3| 17123 2.0007
DABS(Proposed) 60 13 13 3 4 4 3 1.7097 1.9904
CSS(Proposed) 63 12 6 5 5 5 4 1.7596 1.9988
CABS(Proposed) 78 14 3 1 1 2 1 1.7624 1.9946




4.1.3 Application of survival based-tree via within-node homogeneity on Real-life Dataset

This section contains real-life data designed to complement the simulation results, and aimed at
investigating the performance of the proposed methods and the existing methods as well as
identifying variables that are important and associated to survival of a patient from any kind of
disease biomarker. The two real-life data considered are: bone marrow transplant and Prostate

cancer.

i. Bone marrow transplant Dataset

The bone marrow transplant study was introduced in the package “timereg” in R (see the attached
CD for the raw and complete data). The data consist of two competing risks (relapse and death in
remission) and three covariates, which include: Platelet, Tcell and Age, and they are all coded as

follows:

Platelet: a numeric vector code. Platelet 1: more than 100 x 10”9 per L, O: less.

Tcell: a numeric vector. T-cell depleted BMT 1: yes, 0: no.

Age: a numeric vector code. Age of patient, scaled and centered ((age-35)/15).

The length of stay in remission and the causes were also coded below:

Cause: a numeric vector code. Survival status. 1: death in remission, 2: relapse, 0: censored.

Time: a numeric vector. Survival time.

We now apply the proposed tree method to develop prognostic classification rule using the bone
marrow transplant. We first considered the risk of relapse (cause 1) and subsequently, the risk of
death in remission (cause 2) using the proposed model as well as the existing model and yielded

the results in Tables 4.9 and 4.10 and figs. 4.8 and 4.9.
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Table 4.9: Results of bone marrow transplant through cause 1 (relapse)

. Number of terminal The first covariate to Mean of Squared
Models Deviance nodes be split Residuals

Proposed model 1 556.8822 4 Age 1.2703
(Deviance Residual)

Proposed model 2 16.6498 7 Age 0.0376
(Cox-Snell Residual)

Existing Model 160.3592 4 Age 0.3669
(Martingale Residual)

In Table 4.9, the results of prognostic classification tree based on bone marrow transplant for
various methods were presented when relapse (cause 1) was considered as an event of interest. The
deviance results were used as a measure of model selection and models with the lowest Deviance
values are generally preferred over other models. It was observed that the proposed model (Cox-
Snell residual) via within-node homogeneity provides a deviance value that is lower than other
existing methods. Interestingly, when the mean squared error was considered as a measure of

model selection, it yielded a result that is similar to other criterion.

Moreover, the virtual display in figures 4.8, 4.10 and 4.12 revealed that the explanatory variable
age plays a key role in constructed classification trees along with other covariates therein
irrespective of the models. This suggests that the survival wood of patients with bone marrow

transplant rest on the age of that patient while other covariates (factors) follow.

Another important statistical tool to be considered is called variable importance. The variable
importance allocates uppermost values to factors with the utmost divergence between the original
forecast performance and prediction performance after transformation. The resulting variable
importance values have no meaning on an absolute scale, but their relative sizes can be useful for
comparing across different predictor variables (for full details see Olshen 2010 and Breiman

2001). Results of figures. 4.8, 4.10 and 4.12 revealed that age is an important factor in bone
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marrow transplant when relapse is of interest since it has longer bar than other factors such as
platelets and tcells. Additionally, the left-hand sides of figs. 4.9, 4.11 and 4.13 represent the
possible number of tree grown before the tree converges (stabilized). The conversion was observed

to be at around 200 trees at was shown and this authenticates the 200 number trees grown in the

simulation studies.
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Fig. 4.8: Within node tree for data from bone marrow transplant through cause 1 (relapse) via martingale residual

0.390

agel

0.385
1

0.380
1

plateletl | ===

Error Rate

0.375
|

teelll

0.370
1

0.365
|

T T T T T T T T
200 400 600 800 1000 0.010 0.015 0.020 0.025

o

Number of Trees Variable Importance

86



Error Rate

Fig. 4.9: Graphical representation of the variable importance in bone marrow transplant through cause 1
(relapse) via martingale residual
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Fig. 4.11: Graphical representation of the variable importance in bone marrow transplant through
cause 1 (relapse) via deviance residual.
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Fig. 4.13: Graphical representation of the variable importance in bone marrow transplant through cause 1 (relapse)
via Cox-Snell residual

Table 4.10: Results of bone marrow transplant through cause 2 (death in remission)

. Number of The first covariate to | Mean Squared
Models Deviance . . ;
terminal nodes be split Residuals

Proposed model 1

(Deviance Residual) | 5724276 3 Age 0.9120
Proposed model 2

(Cox-Snell Residual) | 499625 3 Age 0.1175

Existing Model
(Martingale Residual) | 869935 4 Age 0.2120

The second competing risk in the bone marrow transplant is death in remission; the prognostic
classification tree results were shown in table 4.10. Equivalently, deviance and mean squared
residuals were used to measure the performances of the proposed models and the existing model.
Conversely, it was observed that the proposed model 2 (Cox-Snell residual) performed better than

other empirical methods based on the two selected measurements mentioned earlier.

Besides, the tree displayed in figure 4.14, 4.16 and 4.18 revealed that the covariate age plays a key
role in constructing prognostic classification trees since it is the first covariate to be splitted in the
tree when remission is the variable of interest in bone marrow transplant while other explanatory

variables follow. These results are similar to the results generated when relapse is of interest.

Finally, figures 4.15, 4.17 and 4.18 show how the dependent variables (age, platelet and Tcells) are
important to outcome of death in remission based on a certain period of time. Consistently, age
was found to be the most important covariate in determining the outcome of death in remission in
bone marrow transplant. This is also similar to results of relapse when variable importance was

considered.
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Fig. 4.18: Within node tree for data from bone marrow transplant through cause 2 (death in
remission) via Cox-Snell residual
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Fig. 4.19: Graphical representation of the variable important in bone marrow transplant through
cause 2 (death in remission) via Cox-Snell residual

Prostate Cancer Data

The data contain double-blinded randomized clinical trial, conducted in order to compare two
treatments for patients with prostate cancer. The two treatments were placebo and 1.0mg
diethylstilbestrol (DES). Information on 236 patients were obtained of which 119 of them were
given placebo, the remaining 117 patients were on DES. Apart from treatment, other prognostic

factors were also reported in the dataset.

The main aims of this trial were to determine how survival time of patients was affected by the
treatment and any other prognostic factor(s). Also, possible toxic effect of DES particularly in
terms of mortality from heart disease was to be examined. However, endpoint considered was

death from prostatic cancer and death from any other causes. The following covariates were used
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for this research, others were discard due to the fact that they are categorical variables: Age in
years, Weight index (WTINDEX), and Serum Haemoglobin gm/100ml (SERUMHG). The Follow-
up Time is in Months and the Survival Status was recorded by treating death from prostatic cancer
as the event of interest (cause 1), death from Heart or Vascular Disease and other causes as
competing risks (cause 2) and discharge alive as true censoring (event 0). The Descriptive statistics
of the data were shown in Table 4.11 while the various results of prognostic classification tree

based on cutpoint were presented in Table 4.12.

Table 4.11: The Summary Statistics of Age, Weight index (WTINDEX) and Serum Haemoglobin
gm/100ml (SERUMHG) in prostate cancer.

Heart or Vascular Disease (event 1)
Variable Mean Median Minimum Maximum
Age 70.37 73.00 50.00 81.00
WTINDEX 99.33 99.00 71.00 135.00
SERUMHG 12.98 13.45 7.00 16.40
Others causes (event 2)
Age 73.15 74.00 51.00 84.00
WTINDEX 98.28 96.50 72.00 152.00
SERUMHG 13.42 13.60 5.90 18.20

Table 4.12: Cutpoint selected based on the terminal nodes using measure of impurities (event 1).

Heart or Vascular Disease (event 1)

Measures of
Impurities

Age

WTINDEX

SERUMHG

Cutpoint | Deviance

Cutpoint

| Deviance

Cutpoint

| Deviance
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Proposed model
(Deviance) 68.5 23.88400 99.5 30.73562 11.85 22 35.33052
Proposed model - s - —_—
(Cox-snell) 75.5 0.9452955 92.5 1.2398660
Existing Model 68.5 6.4395 99.5 7.6823 11.85 7.1945
(Martingale)
Others causes (event 2)
Age WTINDEX SERUMHG
Cutpoint Deviance Cutpoint Deviance Cutpoint Deviance

Proposed model 67543 | 34.47947 1045 | 18867250 | % ok
(Deviance)
Proposed model 76.5 12.209020 Hkk Hokk Hkk Kkk
(Cox-snell) ' '
Existing Model

. 75.5 17.861760 104.5 24.024260 falead il
(Martingale)

** represents the best model based on the deviance and *** means SERUMHG or WTINDEX does not have

much effect on Heart or Vascular Disease and Other causes.

In general, there are two distinct methods of determining the cut-points and these fall into two
categories. The first category is the use of data-oriented approach which involves the use of
continuous covariates based on quantiles such as median or upper quartile. The second category is
the use of outcome-oriented method, which provides a value of a cutpoint based on the most
significant relation to outcome through the use of statistical tools such as the proposed prognostic

classification tree. For full detail see Mandrekar et al. (2006).

Table 4.11 provides the data-oriented approach for this work based on the median of all the
continuous variables: Age, Weight index (WTINDEX) and Serum Haemoglobin gm/100ml
(SERUMHG) of death due to Heart or Vascular Disease (event 1) and Other causes (event 2)such
as: Cerebrovascular accident, Thrombosis and Respiratory Disorder were 73 years, 99 and 13.45
gm/100ml for event 1 and 74 years, 96.50 and 13.60 gm/100ml for event 2. This can be used as a

cutpoint for any patient treated with diethylstilbestrol (DES).

Table 4.12 presented the results of outcome-orientation based on the proposed prognostic

classification tree. We considered the information about Heart or Vascular Disease and Other
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causes, then, the results revealed that: The Proposed model (Cox-Snell) performed better than any
other methods irrespective of the events. Moreover, the age and Weight index seems to be very

important in prostate cancer with cutpoint of 76 years and 92.5 weighted indexes.

Subsequently, we considered the smoothed spline plot using the proposed and existing prognostic
classification treeas the outcome-oriented approach as described earlier to determine the behavior

of patient’s age only.
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Fig. 4.20: Plot of Martingale residual against the patient Age using existing prognostics classification tree
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Fig. 4.22: Plot of Cox-Snell residual against the patient Age using proposed prognostics classification tree

The virtual presentation in fig. 4.20, 4.21, 4.22, illustrate the functional relationship that exists
between the covariate (patient age) and outcome of interest (residual of the survival time). The

results reveal the non-linear association that exists in the model and thus, treating patient age as a
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linear relationship with the time and outcome in prostate cancer is inappropriate. In this regard, the
classical approach will not be suitable for the analysis, but the proposed prognostic classification
tree has the ability to handle linear and non-liner relationships that exist. These results were

similar to Mandrekar et al. (2006).

4.2 Survival Tree-Based via Between-Node Heterogeneity (Task 2) Numerical Results

The simulation scheme of this task has been fully explained in chapter three. This study considers
two survival distributions: exponential and log-normal distributions, their various numerical values
and their explanations were given in subsequent subsections. The main method of assessment is
mean and median, and their closeness to the cutpoint indicate a good performance of the various

adopted splitting rules.

i.  Results of Exponential Distribution on Between-Node Heterogeneity (Task 2)

The various basic terms used in this study have been discussed in chapter one, but for the purpose
of this subsection, here are the meanings of some of the abbreviations used in table 4.13: TNS
represent Neyman smooth statistic test, 755 represents Kolmogorov Smirnov test, TP¢P¢represents
Pepe and Moris test, T¢represents Gray test, TF¢ represents Fine and Gray test, T¢PH# represents
Cox-Proportional Hazard model and TR represents Log-rank test. The various mean and median
of the test statistics were ranked based on their closeness to the chosen mean and median, at the
same time they were ranked appropriately. The closest one was ranked first, and next to it was
ranked second and third respectively, this was done differently according to the chosen sample
sizes. It can be deduced form the results in table 4.13 that; Neyman smooth test was found to be

more efficient in detecting the cutpoint of a data than any other methods including the existing
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methods. However, the Cox-Proportional Hazard model and log-rank were found to perform least
since they both have least ranks as shown in the table 4.13. The second method that performs

relatively equally as Neyman smooth is pepe integral and next to it is Kolmogorov tests.

Table 4.13: Simulation with Exponential Distribution over 50% censoring rate and 0.5 cut-points

Sample | Performance Two-sample Tests of the Equality of Two Cumulative
size Measures Incidence Functions
TNS* TKS* TPpex T G(existing) TFG* T CPH* TLR

0.5365(2) | 0.4834(1) | 0.4722(3) | 0.5891(7) | 0.5842(4) | 0.5493(5) | 0.5537(6)

20 Mean [0037] |[0.017] |[0.027] |[0.089] | [0.084] | [0.049] | [0.054]
Median | 0-5480(3) | 0.4548(2) | 0.4296(4) | 0.5445(2) | 0.5706(5) | 0.7799(6) | 0.5225(1)

[0.048] | [0.045] |[0.070] |[0.045] |[0.071] | [0.280] | [0.023]

Mean 0.5164(1) | 0.5731(6) | 0.5269(2) | 0.5388(4) | 0.5376(3) | 0.5707(5) | 0.5390(4)

50 [0.015] | [0.073] |[0.027] |[0.039] |[0.038] |[0.071] | [0.039]
Median | 0-5105(1) | 0.6340(6) | 0.6151(5) | 05151(2) | 0.5235(4) | 0.7799(7) | 0.5165(3)

[0.012] |[0.134] |[0.115] |[0.015] |[0.024] = |[0.280] | [0.017]

Mean 0.5147(1) | 0.5411(4) | 0.5161(2) | 0.5409(4) | 0.5371(3) | 0.5493(5) | 0.5371(3)

80 [0.015] | [0.041] |[0.016] |[0.041] |[0.037] | [0.049] | [0.037]
Median | 0-5050(1) | 0.5740(5) | 0.5775(6) | 05172(2) | 0.5501(4) | 0.7539(7) | 0.5208(3)

[0.005] | [0.074] |[0.078] |[0.017] |[0.050] | [0.254] | [0.021]

Mean 0.4838(2) | 0.5318(3) | 0.5068 (1) | 0.5483(7) | 0.5455(6) | 0.5452(5) | 0.5396(4)

[0.016] | [0.032] | [0.007] | [0.048] | [0.046] [0.045] | [0.040]

100 0.4725(3) | 0.5635(5) | 0.5544(4) | %5208 | o 5675(6) | 0.7444(7) | 0.5251(2)

Median | 10028) | [0.064] | [0.054] %)0211 [0.068] | [0.244] | [0.025]

oan | 0-5004(1) | 0.5336(3) | 0.5065(2) | 0.5571(6) | 0.5440(4) | 0.5537(5) | 0.5535(5)

5 [0.000] | [0.034] | [0.007] |[0.057] |[0.044] |[0.054] | [0.054]
g | 05027(1) | 0.5622(3) | 0.5410(3) | 0.5296(2) | 0.5691(5) | 0.7539(6) | 0.5299(2)

[0.003] | [0.062] |[0.041] |[0.030] |[0.070] |[0.254] | [0.030]

o | 04952(1) | 0.5192(3) | 0.4898(2) | 0.5564(7) | 0.5248(4) | 0.5522(6) | 0.5469(5)

200 [0.005] |[0.019] | [0.010] | [0.056] | [0.025] |[0.052] | [0.047]
g | 0-4986(1) | 0.5426(3) | 0.4563(4) | 0.5260(2) | 0.5440(4) | 0.7444(5) | 0.5262(2)

[0.001] | [0.043] | [0.044] | [0.026] | [0.044] [0.244] | [0.026]
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0.4857(3) | 0.4861(3) | 0.4983(1) | 0.5510(4) | 0.5085(2) | 0.5420(5) | 0.5433(6)

500 Mean [0014] | [0.014] |[0.002] | [0.051] |[0.009] | [0.042] | [0.043]
Median | 0-4789(1) | 0.4948(5) | 0.4764(3) | 0.5250(4) | 05221(2) | 0.7192(6) | 0.5220(2)

[0021] |[0.052] |[0.024] |[0.025] |[0.022] |[0.2192] | [0.022]

Mean 0.4983(2) | 0.4877(4) | 0.4931(3) | 0.5472(7) | 0.4997(1) | 0.5225(5) | 0.5392(6)

1000 [0.002] |[0012] |[0.007] |[0.047] |[0.000] |[0.023] | [0.039]
Median | 0-5004(1) | 0.4978 (2) | 0.4727(6) | 05201(5) | 0.5050(3) | 0.6710(7) | 0.5175(4)

[0.000] |[0002] |[0.027] |[0.020] |[0.005] |[0.171] = | [0.018]

Notation: () represents rank and * represents proposed method

To elaborate further with results, the histograms in fig. 4.23 were used to showcase and present the
results virtually. The diagram revealed that the bars under the Neyman smooth test is higher than
any other methods, and this suggest the good performance of the methods over any other

considered methods including the existing ones.
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Fig. 4.23: Histogram of estimated cutpoint in exponential distribution

The results in Table 4.13 were further summarized using the relative performance indices. This

was achieved by counting the number of times a particular method was ranked first and then
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dividing it by the total number of sample sizes considered. This was done repeatedly until all the
proposed and the existing methods were exhausted. The results were given in percentages for
quick and easy comparison; all the corresponding results were presented in Table 4.14.
Consequently, the results in table 4.14 revealed that: the proposed diagnostic classification tree
using Neyman smooth as test statistic was found to yield a result that is better than any other
method, across the eight selected sample sizes. In this case, Neyman smooth detect cutpoint better
than any other existing methods since it has the highest relative performance of (50% and 75% for
mean and median) than any other methods under exponential distribution. Considerably, under the
mean the next best method is Pepe integral, but when we consider the median the Gray test was

found to be the next best method to Neyman smooth test.

Table 4.14: Relative performance of the proposed and the existing methods across the sample sizes

Relative performance (in %)
Measures TNS* TKS* TPpe* TG(EX!’Sfl’TLg) TFG* TCPH* TLR
Mean 4/8 (50) 1/8 (12.5) 2/8 (25) 0 (0) 1/8 (12.5) 0(0) |0(0)
Median 6/8 (75) 0 (0) 0 (0) 1/8 (12.5) 0 (0) 0(0) | 1/8(12.5)

Notation: () represents rank and * represents proposed method

The results in Table 4.15 revealed the amount of time (seconds) spent by the selected methods
before the results were generated. It measures the efficiency of the test and their relative
performance in term of the system time of any test statistic. It was observed from the results that as
the sample size increases the amount of time needed to run any of the selected tests increases.
Interestingly, Pepe was found to be highly effective in terms of system time and Neyman Smooth
which was the best in terms of the median as was shown earlier, was found to be the second best in

terms system time. However, the existing method was found to be in the fourth position, whereas,
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it was in the low rank when the sample size is small and later improved as the sample sizes

increases.
Table 4.15: Performance of methods based on system time (Exponential Distribution)
Sample System time in Seconds
Sizé TNS* TKS* TPepex T G (existing) TFG* T CPH* TLR
20 26.90@) 316.91® 10.05W 51.00% 539.97() 60.85® 47.68%)
50 47.09 822.67 18.83 84.48 791.88 175.20 121.48
80 83.69 2014.86 25.79 127.08 1204.59 243.21 183.85
100 172.66 2772.20 36.65 207.97 2464.57 293.68 219.26
150 194.28 3232.75 51.49 287.63 3273.73 493.39 413.16
200 307.50 5110.50 79.43 499.71 4141.25 620.95 455,78
500 763.60 15378.17 221.11 1250.94 12938.86 1524.17 1074.31
1000 1100.67 19022.17 413.19 1643.97 18593.90 2905.64 2246.33

ii.  Results of Log-normal Distribution on Between-Node Heterogeneity (Task 2)

The results of log-normal distribution under various sample sizes with 50% censoring rate were
provided in detail in Table 4.16. The results show the various performances of the proposed
diagnostic classification tree and the existing methods. This result is similar to the results in
Table 4.16, and we observed that the proposed methods with Neyman Smooth test found to be
the best among other methods. Moreover, the results also revealed the outstanding performance
of the technique (Neyman Smooth test) in respect to the cutpoint detection due to the closeness
of its estimate to the chosen cutpoint (0.5). The existing method was also found to be in the
lowest rank and behaved equally as it was in the earlier results. Conclusively, the Neyman

Smooth test adopted to account for the between node heterogeneity under log-normal and

Notation: () represents rank and * represents proposed method
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exponential distributions was found to perform better than other proposed methods including

the existing ones.

Table 4.16: Simulation with Log-normal Distribution over 50% censoring rate and 0.5 cut-points

Sample Performance Two-sample Tests of the Equality of Two Cumulative
size Measures Incidence Functions
TNS* TKS* TPepex T G (existing) TFG* T CPHx
20 Mean 0.4294(5) 0.5485(3) 0.5000(1) 0.5682(4) 0.5955(6) | 0.5009(2)
[0.071] [0.049] [0.000] [0.068] [0.096] [0.001]
Median 0.4619(4) 0.5201(3) 0.4999(1) 0.6231(5) 0.7197(6) | 0.5009(2)
[0.038] [0.020] [0.000] [0.123] [0.220] [0.001]
50 Mean 0.4752(3) 0.5289(4) 0.4998(1) 0.5433(5) 0.5914(6) | 0.5007(2)
[0.025] [0.029] [0.000] [0.043] [0.091] [0.001]
Median 0.4869(4) 0.4946(3) 0.5001(1) 0.6018(5) 0.6396(6) | 0.5005(2)
[0.013] [0.005] [0.000] [0.102] [0.140] [0.001]
80 Mean 0.5004(1) 0.5280(4) 0.4998(1) 0.5261(3) 0.5590(5) | 0.5005(2)
[0.000] [0.028] [0.000] [0.026] [0.059] 0.001
Median 0.4998(1) 0.5017(2) 0.4999(1) 0.5173(3) 0.6204(4) | 0.5002(1)
[0.000] [0.002] [0.000] [0.017] [0.120] [0.000]
100 Mean 0.4875(3) 0.5241(4) 0.5003(1) 0.5292(5) 0.5723(6) | 0.5006(2)
[0.013] [0.024] [0.000] [0.029] [0.072] [0.001]
Median 0.4869(3) 0.5017(2) 0.5002(1) 0.5340(4) 0.6207(5) | 0.5004(1)
[0.013] [0.002] [0.000] [0.034] [0.121] [0.000]
150 Mean 0.4908(3) 0.5247(5) 0.5003(1) 0.5165(4) 0.5836(6) | 0.5009(2)
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[0.009] [0.025] [0.000] [0.017] [0.084] [0.001]

Median 0.5025(4) | 0.5017(3) | 0.5003(1) | 0.5340(5) | 0.6174(6) | 0.5005(2)
[0.003] [0.002] [0.000] [0.034] [0.117] [0.001]

200 Mean 0.4809(4) | 0.5247(5) | 0.5003(1) | 0.5152(3) | 0.5583(6) | 0.5008(2)
[0.019] [0.025] [0.000] [0.015] [0.058] [0.001]

Median 0.4876(4) | 0.5017(3) | 0.5004(1) | 0.5427(5) | 0.6019(6) | 0.5006(2)
[0.012] [0.002] [0.000] [0.043] [0.102] [0.001]

500 Mean 0.4906(5) | 0.5041(3) | 0.5002(1) | 0.4945(4) | 0.5548(6) | 0.5008(2)
[0.009] [0.004] [0.000] [0.006] [0.055] [0.001]

Median 0.5048(4) | 0.4980(2) | 0.5000(1) | 0.4962(3) | 0.6165(5) | 0.5002(1)
[0.005] [0.002] [0.000] [0.004] [0.117] [0.000]

1000 Mean 0.4953(2) | 0.5094(3) | 0.5005(1) | 0.4972(4) | 0.5720(5) | 0.5011(1)
[0.005] [0.009] [0.001] [0.003] [0.072] [0.001]

Median 0.5030(3) | 0.5090(5) | 0.5002(1) | 0.5070(4) | 0.6284(6) | 0.5005(2)
[0.003] [0.009] [0.000] [0.007] [0.128] [0.001]

The study further displays the results in table 4.16 using the histograms in fig. 4.24. The diagram
revealed the performance of the proposed model over the existing techniques since the bars under
the Neyman smooth test were almost on the same height than any other methods, and this suggest
the good performance of the methods over any other considered methods including the existing

ones. This diagram is similar to the one presented in fig. 4.24, thus can be interpreted the same

way.

Notation: () represents rank and * represents proposed method

104



Neyman Smooth Test with Sample Size 50(Lognormal) Pepe Integral Test with Sample Size 50 (Lognormal) Gray with Sample Size 50 (Lognormal)

15

Number of Trees
10

4
Number of Trees
Number of Trees

r T T T T 1 r T T 1 r T T T 1
0.0 02 04 0.6 0.8 10 02 04 06 08 0.490 0.495 0.500 0.505 0510

cutpoint 0.5 cutpoint 0.5 cutpoint 0.5

Fine and Gray with Sample Size 50 (Lognormal) Cox Proportional Hazard with Sample Size 50 (Lognormal) Logrank Test with Sample Size 50 (Lognormal)

=l W 1L e 1

r T T T 1 r T T T 1 r T T T T 1

0 _ —_ [
B «

Number of Trees
4
Number of Trees
Number of Trees
0

0.0 02 04 06 08 02 04 06 08 10 0.490 0.495 0.500 0.505 0510 0515

cutpoint 0.5 cutpoint 0.5 cutpoint 0.5

Fig. 4. 24: Histogram of estimated cutpoint in Log-normal distribution
The results in Table 4.16 were further summarized in Table 4.17 in order to see the behavior of the
proposed model under lognormal. Surprisingly, it was observed that the existing method Gray
perform better than the proposed methods with mean and median of 50% and 50% against 37.5%
and 12.5% for Neyman Test.

However, we found that the proposed models outperform the

existing model at varying sample sizes as shown in Table 4.17.

Table 4.17: Relative performance of the proposed and the existing methods across the sample sizes

Relative performance (in %) (Lognormal Distribution)

Measures TNS* TPpex TG (existing) TFG* T CPH* TLR
Mean 3/8 (37.5) 000) 04/8(50) 000) 00) | 1/8(125)
Median 1/8 (12.5) 1/8(12.5) 478 (50) 0(0) 00) | 2/8(25)

For clarity purpose, the system time for the log-normal was also considered, and it was observed

from Table 4.18 that the proposed methods Pepe and Neyman Smooth were found to be the most
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efficient techniques in term of system time. Gray technique was found to be the third best and cox

proportional hazard relatively behaves better.

In term of categorizing a continuous covariate, there is very little attention given to this aspect in
biostatistics, epidemiology, engineering and other fields. Our research work currently provides an
insight into cutpoint determination methods in classification and regression tree, and to be specific
in competing risk model. This gives the wide range applicability of our proposed diagnostic

classification tree.

Table 4.18: Performance of methods based on system time (Lognormal Distribution)

Sample size System time in Seconds
TNS* TKS* TPepex TG(existing) TFG* T CPH* TLR
20 16.36¥ | 238.35®) 9.62W 23.879) 354,737 24.26% 32.86%
50 36.16 838.06 18.45 57.96 529.40 66.44 77.14
80 54.93 1510.71 32.74 82.03 707.20 91.19 123.96
100 70.16 | 1711.24 44.50 117.36 1561.22 114.97 150.44
150 103.50 | 3778.89 71.67 313.75 1955.79 219.50 227.28
200 14227 | 3384.07 79.87 419.90 2058.34 260.31 244.82
500 340.48 6875.66 142.75 996.54 4879.08 822.43 592.72
1000 1027.34 | 10939.13 413.36 2052.64 9491.19 1470.34 | 1249.57

Notation: () represents rank and * represents proposed method

4.2.1 Application of survival based-tree via between-node heterogeneity on Real-life Dataset
The proposed between-node heterogeneity methods were used on follicular cell lymphoma data
recorded on the number of ovarian follicles, on a log scale, counted from sectioned ovaries of
women of various ages.

The follicular cell lymphoma study was introduced in the package “randomSurvivalForest”
through the language R, and it contains two competing risks (relapse and death) with two

covariates: age and Hemoglobin (g/I).
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Results in Table 4.19 provide the summary statistics of age and hemoglobin (g/l) for all the
Clinical stages in follicular cell lymphoma. The median or the mean of age and hemoglobin can be
used as cutpoint detection in a simple data-oriented methodology. Thus, the aim of this research is

to apply Classification Tree (CART) to survival analysis with two risk factors and the results of

cutpoint generated for various statistic adopted were presented.

Table 4.19: Summary Statistics of covariates Age and hemoglobin (g/1)

Age
Group n Median | Mean Std. Dev. Min Max
Clinical stage | | 362 | 60.00 58.32 14.06372 | 17.00 86.00
Clinical stage Il | 179 | 56.00 54.21 13.89789 22.00 79.70
Hemaoglobin (g/l)
Clinical stage I | 362 | 140.0 139.3 14.97512 40.0 189.0
Clinical stage Il | 179 | 140.0 137.3 16.05435 80.0 172.0

The various results of the proposed and existing models were presented in table 4.20. The table
was formulated by taking the absolute differences between the estimated cutpoint and the true
median. The results of the absolute differences were later ranked from the lowest to the highest.
We observed that the proposed adopted methods Pepe and Fine and Gray were found to be the best
compared to any other adopted methods including existing methods based on the covariate age.

Interestingly, under the covariate hemoglobin level, the Cox-proportional hazard, Fine and Gray

outperform any other methods used in this research.
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Table 4.20: Maximum cutpoint generated across the selected test

Age
Group TNS TKS TPepe T G(fiona,2008) TFG TCPH TLR
Cutpoint 32.1000 32.1000 52 35.5500 73.4000 32.1000 37.9000
IDif ference|* | 27.9[5] 27.9[5] 8 [1] 24.45[4] 13[2] 27.9[5] 22.1]3]
Hemaoglobin (g/1)
Cutpoint 111.5000 | 111.5000 | 145.5000 | 146.5000 143.0000 | 139.5000 | 145.5000
IDif ference|* | 28.5[5] 28.5[5] 5.5[3] 6.5[4] 3[2] 0.5[1] 5.5[3]

*1s the absolute difference between the true median and the cutpoint and [] is the rank value

4.2.2 Estimation of Optimal cutpoint on between-node heterogeneity
In this section, we divert our attention to a method proposed by Contal and Quigley (1999), which

is used to test the significance of the chosen cutpoint based on the continuous covariates only.

We apply this approach to a real-life data on follicular cell lymphoma mentioned in section 3.2.5,
the full results of the method were presented in appendix A based on age and Hemoglobin (g/l).
The potential cutpoint of age selected by this method is 57.4years (Appendix Al) with p-
value(<0.05) and this suggests that the cutpoint obtained is significant and thus age is related to the
survival of the patient from the disease. The second covariate Hemoglobin has a cutpoint of 140¢/I
(Appendix A2) with p-value (>0.05) that suggests non-significant of the Hemoglobin and fails to

relate to the survival of patient from the disease.

Comparably, the cutpoint of age chosen by the proposed diagnostics classification tree by pepe is
52 years (Table 4.20), and it is the closest cutpoint to the 57.4 years than any other proposed and
existing methods. Additionally, the Cox-PH was found to have a closer cutpoint 139g/l to 140g/I
than any other considered techniques. These support the performances of the proposed methods

over the existing methods in terms of cutpoint detection.
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4.3 Results of Artificial Neural Network in Survival Analysis with Competing Risks (Task 3)

In this research work, three different real-life datasets were considered and used to validate the
performance of the proposed model against the classical model. The first dataset was on double-
blinded randomized clinical trial, conducted in order to compare two treatments for patients with
prostate cancer. This data set was collected from Royal Berkshire Hospitals, Reading, United
Kingdom, and is freely available online, please see additional material for full description. (Please

kindly see the attached CD for full description of the data).

The main aims of this clinical trial experiment were to determine how survival time of patients was
affected by the treatment and any other prognostic factor(s). Also, possible toxic effect of DES
particularly in terms of mortality from heart disease was to be examined. However, endpoint
considered was death from prostatic cancer and death from any other causes. The following
covariates were used for this research, others were discarded due to missing observations: Age in
years, Weight index (WTINDEX), Performance rating (PERF), Cardiovascular Disease History
(HISTCD), Electrocardiogram Code (ECGCODE), Tumour Size (SIZEPT), Tumour Stage&Grade
Index (SHINDEX) and Serum Haemoglobin gm/100ml (SERUMHG). The Follow-up Time is in
Months and the Survival Status was recorded by treating death from prostatic cancer as the event
of interest (cause 1), death from Heart or Vascular Disease and other causes as competing risks
(cause 2) and discharge alive as true censoring (event 0).

The second dataset was on melanoma data frame with 205 rows and 7 columns. It contains data
relating to survival of patients after operation for malignant melanoma collected at Odense

University Hospital by K.T. Drzewiecki (Andersen et al., 1993).
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The third dataset was on Mayo Clinic trial in primary biliary cirrhosis (PBC) of the liver conducted
between 1974 and 1984. There is a lot of missing observation in the dataset and this was taken care

off by EM-algorithm.

4.3.1 Comparing the Proposed Model with Classical Competing Risk Model

The comparison between the proposed and classical competing risk model was assessed using the
Root Mean Square Error (RMSE). The RMSE presents information on the short-term efficiency
which is the difference between the predicated values and the observed values. The lower the
RMSE, the more accurate the evaluation. The second criterion is Mean Absolute Error (MAE),
which is the average deviation of the predicted values from the corresponding observed values.
The lower the MAE, the better the long-term model prediction. Finally, the Relative Squared Error
(RSE) criterion was also adopted and is the aggregate squared error produce relative to what the
error would have been if the prediction had been the average of the absolute value. The lower the

RSE, the better model prediction.

Table 4.21: Double-blinded randomized clinical trial with first and second events (death due to Prostatic Cancer and
Other diseases)

Event 1: Death due to Prostatic Cancer

Model RMSE MAE RSE
Proposed model (CMLP) 0.1237 0.1397 0.9933
Classical model 0.3020 0.1709 4.6391

Event 2: Death due to Other Diseases

Proposed model (CMLP) 0.2021 0.2519 1.0000

Classical model 0.2261 0.2763 1.2036
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The results of death due to prostate cancer for both proposed and existing models were presented
in Table 4.21 and it was observed that irrespective of the criteria, the proposed model (CMPL)
performed better than the existing technique. Additionally, the result of deaths due to other

diseases also indicates good performance of proposed model over the classical methods.

Table 4.22: Melanoma skin cancer incidence with first and second events (death from melanoma and other causes)

Event 1: Death from melanoma

Model RMSE MAE RSE
Proposed model (CMLP) 0.0921 0.1132 0.8092
Classical model 0.1961 0.2766 4.8318

Event 2: Death due to other causes

Proposed model (CMLP) 0.0288 0.0375 0.9404

Classical model 0.0248 0.0387 1.0001

Death due to melanoma results were presented in table 4.22 and we observed that the proposed
model (CMLP) fit the dataset better than the existing model irrespective of the criteria. Moreover,
the results under death due to other causes revealed that the proposed model performed better than

the existing model in MAE and RSE but failed when RMSE was considered.
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Table 4.23: Mayo Clinic Primary Biliary Cirrhosis Data with first and second events (death from Transplant and
Remission)

Event 1: Death due to Transplant

Model RMSE MAE RSE
Proposed model (CMLP) 0.0335 0.0391 0.9992
Classical model 0.0687 0.1276 10.6277

Event 2: Death due to Remissio

>

Proposed model (CMLP) 0.2019 0.2614 0.9997

Classical model 0.3408 0.5979 5.2290

Finally, the third dataset considered is on primary biliary cirrhosis (PBC) of the liver. It also
consists two competing risks and seventeen (17) covariates, the risks are; death due to transplant
and death in remission. Table 4.23 presents the results of death due to transplant risk, this result is
similar to the previous results, by showing the efficiency of the proposed model over the existing
model irrespective of the criteria. The results of death in remission in table 6 shows different
results when compared with the previous dataset, it revealed that the proposed model in the second

competing risks performed better than the existing model irrespective of any criteria.

4.2.3 Implementation CMLPANN on Double-Blinded Randomized Clinical Data
Further analysis was carried out on Double-blinded randomized clinical trial data and this analysis

includes; the effect of hidden layers and the interpretation of results.

The results of the proposed model (CMLPANN) were presented based on the various levels of the
competing events in the dataset. The first risk event is death due to Prostatic Cancer (i.e. m = 1)

and the second risk is death due to other diseases (i.e. m = 2). The various hidden layer results
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were presented in Table 4.24 and the sum of squared error indices was used to check the

performance of the best hidden layer using resilient back propagation.

Table 4.24: Resilient back propagation with weight for event1 (death due to Prostatic Cancer)

Hidden layers Sum of Squared Error Reached Threshold Steps
2 2.3196 0.00001 22
5 2.3128 0.007 24
10 1.8250 0.0093 4277
15 1.2254 0.0097 40391

Table 4.24 shows the results of CMLP model with four different hidden layers, the hidden layers
were 2, 5, 10 and 15. It can be deduced from the results that as the hidden layers increase the sum
of square error reduces, threshold increases and steps increase respectively. Meanwhile, the
threshold is an integer for specifying the partial derivatives of the error function for stopping
criteria, as discussed in the proposed model methodology. Likewise, the step is the number of
repetitions for the training process (Frauk et al., 2010). The only effect of the hidden layers is on
the number steps before the result converge, the result revealed the high number of steps before

conversion due to high use of hidden layers.

The virtual presentation of the complete proposed CMLP model that include the input and output
variables were given in fig. 4.25 and the results of training process with 2 hidden layers were
showcased. The fig. 4.25 at the same time displays the trained synaptic weights, different intercept
and basic information about the training process like the overall error to mimic human brain as

explained earlier in chapter one.
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Error: 2.319565 Steps: 22

Fig. 4.25: Plot of a trained neural network including trained synaptic weights and basic information about the
training process.

The relative important values in Table 4.25 were estimated using the methods of Garson (1991) as
explained above and its results was presented graphically in Fig. 4.2. The results tell us that the
covariates Age, Tumour Stage, Grade Index (SHINDEX) and Electrocardiogram Code
(ECGCODE) have the strongest positive and negative relationship, individually, on the response
(probability of survival) variable. Correspondingly, covariates that have relative importance close
to zero, such as Weight Index (WTINDEX), do not have any substantial importance on response
variable. Nevertheless, this covariate with zero relative importance most likely have some
marginal effect on the response variable, but its effect is irrelevant in the context of the other
covariates. Other covariates were found to be either very weak negative and positive relationship

with the response variable as shown in table 4.25 and fig. 4.26.
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Table 4.25: Variable Important by Garson Algorithm (1991)

Covariate Relative Important Remarks on the survival of the patient
Age in years (AGE) 0.2268 Evidence of positive relationship
Weight Index (WTINDEX) 0.0001 No importance

Performance Rating (PERF) -0.4577 Fair negative relationship
Cardiovascular Disease History (HISTCD) | -0.4635 Fair negative relationship
Electrocardiogram Code (ECGCODE) -1.0000 Perfect negative relationship

Tumour Size(SIZEPT) -0.0397 Weak negative relationship

Tumour Stage, Grade Index (SHINDEX) -0.7489 Strong negative relationship

Serum Haemoglobin gm/100ml 0.13292 Weak positive relationship
(SERUMHG)
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Fig. 4.26: Relative importance of the eight covariates for response (probability of survival) variable using CMLP
Model
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4.4 Results of Multivariate Adaptive Regression Splines in Survival Analysis (Task 4)

In this section, the proposed methodology (MARS) was applied to both simulation study explained
in chapter four and the real-life data. The various generated results on simulation and real-life data

were presented in the following subsections.

4.4.1 Results of the Simulation on Survival MARS

In the Monte-Carlo experiment, 1000 simulation cycles were computed for four different values of
the penalizing parameter d, d: € {2, 3,4, 5}, with martingale and Cox-Snell residuals as responses.
Also, three different censoring rates of low (25%), moderate (50%) and high (85%) were

considered in the analysis.

At each fit of survival MARS model on the simulated data, the amount of non-linear influence of
the covariate x, detected by the models (expressed in %) as well as that of its interaction with x, at
different values of the penalizing parameters were determined under the Cox-Snell and Martingale

residual responses.

Also, the amount of false basis function (in %) chosen by each model was also determined under

the two residual types.

Tables 4.26, 4.27 and 4.28 presented the results of the simulation studies under the three selected

distributions employed for simulating the survival times.
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Table 4.26: Results of Survival MARS with Exponential distributed survival time. The amount of non-linear effects
of covariates x; (in %) and its interactions with x, with Martingale and Cox-Snell residuals as responses were

reported.
Martingale Residuals Cox-Snell Residuals
d Cer:s;igmg %knots(x1) % X1X2 (Vt());as::e Cer;;tigmg %knots(x1) | % XiXz (ﬁ);z:ze
25% 70% 100% 50% 25% 80% 100% 50%
2 50% 100% 100% 0% 50% 100% 100% 30%
85% 100% 80% 70% 85% 90% 30% 80%
25% 70% 100% 40% 25% 80% 100% 40%
3 50% 100% 100% 0.0% 50% 100% 100% 0.0%
85% 100% 50% 60% 85% 100% 100% 20%
25% 40% 100% 60% 25% 60% 100% 50%
4 50% 100% 100% 0.0% 50% 100% 90% 30%
85% 100% 80% 30% 85% 50% 0.00% 100%
25% 20% 100% 80% 25% 50% 100% 50%
5 50% 90% 100% 10% 50% 100% 100% 0.0%
85% 100% 30% 70% 85% 50% 0.0% 100%

Table 4.27: Results of the simulation studies on Weibull distributed (v = 2,4 = 5) survival time
with Martingale and Cox-Snell residuals.

Martingale Residuals Cox-Snell Residuals
d Cer;;c;gmg %knots(x1) % X1X2 O/tc:;i:ze Cer;::gmg %knots(x1) | %Yoxixe O/ggi:ze
25% 80% 100% 50% 25% 100% 100% 40%
2 50% 100% 100% 0% 50% 100% 100% 50%
85% 100% 50% 70% 85% 100% 50% 60%
25% 40% 100% 60% 25% 100% 100% 0%
3 50% 100% 100% 10% 50% 100% 90% 30%
85% 100% 50% 60% 85% 100% 60% 60%
25% 10% 100% 90% 25% 100% 100% 50%
4 50% 100% 90% 20% 50% 100% 80% 50%
85% 90% 30% 80% 85% 90% 40% 50%
25% 0% 100% 100% 25% 100% 100% 0%
5 50% 100% 100% 30% 50% 100% 60% 40%
85% 100% 40% 60% 85% 100% 50% 50%
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Table 4.28: Results of the simulation studies on Gompertz distributed survival time with Martingale and Cox-Snell

residuals.
Martingale Residuals Cox-Snell Residuals
d Cer;;c;gmg %knots(x1) %0oX1X2 (Vg:;as::e CeI:Z(;(ramg %knots(x1) | %oXixz (ﬁ);z:ze
25% 60% 80% 50% 25% 80% 60% 70%
2 50% 90% 30% 80% 50% 90% 50% 70%
85% 70% 10% 100% 85% 90% 30% 80%
25% 60% 100% 70% 25% 90% 40% 80%
3 50% 60% 60% 70% 50% 80% 10% 90%
85% 80% 40% 60% 85% 80% 0% 100%
25% 40% 80% 80% 25% 70% 30% 100%
4 50% 30% 10% 90% 50% 80% 0% 100%
85% 80% 0% 100% 85% 60% 20% 90%
25% 30% 80% 70% 25% 60% 20% 80%
5 50% 50% 10% 90% 50% 50% 0% 100%
85% 50% 0% 10% 85% 40% 0% 100%

The implications of the results in Table 4.26 regarding the behaviors of predictor variables x; and
x, in the proposed (Cox-Snell) and the existing (Martingale) models under the Exponential
survival times were clearly shown by the graphs (see Appendix B, Figs. 1 to 4) in Appendix B at
the selected values of the penalty (tuning) parameter d = 2 and 5 with low (25%) and high (85%)

censoring rates.

It was found that both models identified the inherent linear relationship of the nuisance variables
x3,%, and xs with the response variable (t). However, the structure displayed by the various
graphs showed that the survival MARS model with Cox-Snell residual (proposed model) was able
to capture the linear, nonlinear and interaction effects of the covariates x, and x, better than the

survival MARS model with Martingale residuals (existing model) (see Appendix B, Figs. 1 to 4).

Furthermore, the graphical presentation of the results for Weibull distributed survival times was
also presented in appendix C (Figs. 5 to 8). These graphical results equally provided information

on the implication of the results in Table 3 at penalty parameter values d = 2 and 5 with low (25%)
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and high (85%) censoring rates. Results from the graphs (Figs 5 to 8) showed that both the Cox-
Snell and Martingale models identified the nuisance variables x;,x,and xg to be linearly
concomitant to the response variable (t), but the interaction effect of covariates x; and x, is
tighter (under the Cox-Snell model) at large value of the penalty parameter (d = 5) than at low

values of d (d = 2) especially at high censoring rate.

Finally, the results from the survival MARS under the two residual types with Gompertz
distributed survival times followed similar patterns like those earlier presented. The graphical
summary of the non-linear effects of the predictor variables x, and x, as well as their interactions
were clearly shown by the graphs Appendix D (see Figs. 9 to 12). The linear association between

other covariates x5, x, and x5 with survival time was also obvious from the various graphs.

4.4.2 Application of Survival MARS to Pneumocystis Cariniip Neumonia Data

To validate the results from the Monte-Carlo study presented in this section, the survival MARS
models with Cox-Snell and Martingale residuals were both fitted to a published real-life dataset on
Pneumocystis Cariniip Neumonia (PCP). These data had been previously analyzed by Chap
(2003). The PCP, a life-threatening disease, has been reported to be the most common
opportunistic infection in HIV-infected patients (Chap, 2003). Many North Americans with AIDS
have had one or two episodes of PCP during the course of their HIV infection. The PCP has
therefore become a factor to be considered in mortality and morbidity modeling while its

recurrences are often common.
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Table 4.29: Results of Survival MARS models using Cox-Snell and Martingale residuals on real life (PCP) data.
Results of the classical Cox PH model fitted to these data were also reported in the table.

Predictors | Coefficient (8) | Standard Error of 8
Survival MARS with Martingale residual
CD4 count -0.00014 0.00025
Gender (Female = Ref.) 0.15814 0.10750
Race (white=1) (Other = Ref.) 0.01463 0.05310
Race (black=2) (Other = Ref.) -0.01044 0.05880
Weight 0.00053 0.00053
Homosexuality (No = Ref.) -0.01291 0.04868
Survival MARS with Cox-Snell residual
CD4 count 0.00005 0.00005
Gender (Female = Ref.) -0.01774 0.02511
Race (white=1) (Other = Ref.) 0.02390 0.01226
Race (black=2) (Other = Ref.) -0.30309 0.01354
Weight -0.00006 0.00012
Homosexuality (No = Ref.) 0.00422 0.01133
Classical Survival Analysis (Cox PH Model)
CD4 count 0.99900 0.00215
Gender (Female = Ref.) 2.85x 107 3760
Race (white=1) (Other = Ref.) 1.21000 0.7480
Race (black=2) (Other = Ref.) 0.98500 0.84200
Weight 1.00000 0.00434
Homosexuality (No = Ref.) 0.73600 0.37700

The data consist of time to recurrence (in months) of PCP with four categorical predictors — gender
(male, female), race (white, black, others), Homosexuality practice (yes, no) and two metrical
(continuous) covariates - CD4 count and Weight. The outcome (status) variable is categorized as 1
if there was a relapse and 0 if no relapse occurred (censored). Results in Table 4.29 showed that
the Survival MARS model with Cox-Snell residual performed better than the Martingale residual

model using the standard errors of the estimated parameters as assessment criteria.
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To allow broader comparison of the efficiency of the proposed survival MARS model using Cox-
Snell residual with the classical Cox PH model, the Cox PH model was fitted to the data and the
results obtained were equally reported in the Table 4.29. From the results in Table 4.29, it can be
observed that the Cox-Snell residual model was more efficient than the Cox PH model on the real-
life data as well. In the three cases, the standard errors of the estimated parameters by the Cox-
Snell survival MARS model were relatively smaller than those provided by both the Cox PH and

Martingale residual models.
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CHAPTER FIVE

Summary, Conclusion and Recommendation

This chapter concludes this thesis. A summary of the research is presented, and findings of the
study are discussed and interpreted. The significance of this research in the immediate context
of the field of biostatistics and bioinformatics is examined. Recommendations for further
research end the chapter. In summary, this chapter is divided into four sections: 5.1 Summary of

results, 5.2 Conclusion, 5.3 Recommendations and 5.4 Suggestions for future studies.

5.1 Summary of Results

Classification trees for competing information are helpful for arranging patients into several
groups with comparable risks. We developed tree for Univariate competing risk. We proposed
Within-node homogeneity by using Deviance residual and Cox-Snell residual as a response in a
common classification tree and Between-node Heterogeneity using Gray (1988), Pepe and Mori
(1991,1993), Kolmogorov-Smirnov test (2007, 2014) and Neyman Smooth test (2007) as splitting
rule to compare the two CIFs present in the nodes. The methods particularly intended to model

survival data with competing risks.

Under Within-node homogeneity, all the proposed models seem to fit the data structure better than
the existing model in the exponential and lognormal distributions through the simulation schemes.
In this context, the proposed method detects cut-point than the existing methods when the failure
time follows an exponential distribution irrespective of the censoring rates and detects the cut point
equally if the estimate is around 60%. In Log-normal failure time, the proposed model tends to
behave equally with the existing method except when the cut point is more than 0.1 and less than

or equal to 0.7, the tables of their simulation techniques and results were given in chapter three.
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When the real-life data were considered, better results were observed from the extended models
than the existing method. Additionally, results from the empirical studies via bone marrow
transplant data showed that the proposed model with Cox-Snell residual performs better than both
the Martingale residual and Deviance residual respectively.

Equally, results from Prostate cancer when Cox-Snell residual was considered, generated
MSE=0.01783563 and deviance=14.9732200, which is less than those produced by Deviance and
Martingale residuals. This implies that, the proposed model performed better than the existing
methods. These results validate those obtained from the Monte-Carlo studies.

Generally, when it comes to data structure performance, no methods appeared to be able to select
covariate or number of terminal nodes than the proposed methods. In this case, Cox-Snell residual
in within-node homogeneity classification tree performed better than any existing methods in
terms of detecting the accurate cut-point and data structure for covariate associated to survival

times.

Furthermore, when considering between-node heterogeneity, the estimated mean and median were
used as the measures of indices based on simulation scheme, thus, we use the results to check the
performance of our proposed models based on the cutpoint detection. Correspondingly, we
observed that proposed models have a value that are much closer to the cutpoint estimate than the
existing techniques at 50% censoring rates and 0.5 cutpoint. Consequently, the relative
performances of the proposed models were checked by ranking the results in tables 4.13 and 4.16,
all in the rank level of 8 based on the sample sizes, we observed that the Neyman smooth test has
the highest relative performance of 50% and 75% of mean and median than any other methods,

and figs. 4.23 & 4.24 affirm the results irrespective of the distribution.
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Another method considered to check the performance of the extended methodology is the system
time (seconds). This measures the efficiency of the test and their relative performance in term of
the system time, the results were provided for both exponential and log-normal in Tables 4.15 &
4.18. We observed from the results that as the sample size increases the amount of time to run any
of the selected tests increases. However, the extended method by Pepe test statistic was found to be

highly effective in terms of system time while Neyman Smooth is best in terms of the median.

A real-life data set on follicular cell lymphoma with two covariates age and hemoglobin was used
to test the performance of the proposed diagnostic classification tree based on between node
heterogeneity. The results in Table 4.20 were ranked based on their closeness to the estimated
mean and median, the results show that the proposed models perform better than the existing
model. Further estimation was done on this real-life data by using the methods proposed by Contal
and O’Quigley (1999) to check the optimum cutpoint of the data. Optimum cutpoint selected for
the patient age is 57.4 years and hemoglobin level is 140g/l, and only age was found to influence
(p-value<0.05) the survival patient from the disease. Comparably, the proposed diagnostic
classification tree estimate that is close to the optimum cutpoint 547.4 years is pepe with 52 years

of age and Cox-PH with 1399/l hemoglobin level.

The performance of ANN was implemented in this work. The study extended the ANN to survival
analysis with competing risks, and the tremendous progress of this new extension is very
impressive and encouraging. Additionally, comparison between the proposed model and classical
competing risk modeling was done. However, three different model performance assessment
methods were employed, these are: root mean square error (RMSE), mean absolute error (MAE)
and relative squared error (RSE) for the comparison. Moreover, three different real-life dataset

were used through out this work and only double-blinded randomized clinical trial was interpreted
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critically. Other dataset were employed to validate the performance of the proposed model and the
existing model. Likewise, variable importance was performed on the double-blinded randomized

clinical trial dataset through the use of Garson Algorithm for both competing risks.

All the analysis implemented on the proposed ANN was done through the use of package

“survival”, “KMsurv”, “NeuralNetTools”, “RSNNS”, “nnet”,

“devtools”, “neuralnet” and “clusterGeneration” all in the language R.

This work also examines the efficiency of a new technique for modeling survival MARS with
Cox-Snell residuals relative to some of the existing methods (the Cox PH and Martingale residual
methods) under three different distributions of survival times — Exponential, Weibull and

Gompertz distributions.

Monte-Carlo experiment was carried out to examine the behaviors of some metrical covariate in
the two-modelling structure in which the Cox-Snell and Martingale residuals were used as
responses in the survival MARS models under low, medium and high censoring rates at different

values of penalty (tuning) parameters.

Numerical results from the fitted survival MARS models with Cox-Snell and Martingale residuals
on the simulated data were presented in Tables 4.26 (for Exponential survival times), 4.27 (for
Weibull distributed survival times) and 4.28 (for Gompertz distributed survival times). Graphical
summaries of the results in Tables 4.26, 4.27 and 4.28 were further presented in Appendices B (for
Exponential survival times), C (for Weibull distributed survival times) and D (for Gompertz

distributed survival times) respectively.

It was observed from the simulation results in Table 4.26 that for Exponentially distributed

survival times, the proposed Cox-Snell residual model detected the nonlinear influence of x; and
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its interactions with x, more than the Martingale residual (existing) model at the penalizing
parameter d = 2 and at low (25%) and medium (50%) censoring rates. However, the Martingale
residual model detected the nonlinear influence of x,, its interactions with x, and the amount of
false chosen basis functions (in %) at the high (75%) censoring rate more than the Cox-Snell

residual model.

Further results from Table 4.26 showed that when the penalized parameter is 3 and the censoring
rates were low, medium and high the Cox-Snell residual model detected the non-linear influence of
X4, its interaction with x, and the amount of false chosen basis function than the Martingale

residual model.

Without loss of generality, it was found that the efficiency of the Cox-Snell residual model
increases in term of its ability to detect the non-linearity of x; and its interaction with x, as the

value of the penalized parameter increases, although at high censoring rate.

Similar results were obtained from the survival MARS models with Cox-Snell and Martingale

residuals for Weibull and Gompertz distributed survival times.

Finally, the proposed survival MARS model with Cox-Snell residuals, the survival MARS model
with Martingale residual and the classical Cox PH models were applied on a real-life dataset to
validate the results from Monte-Carlo studies. The results obtained showed that the proposed Cox-
Snell residual model was more efficient than both the existing Martingale residual survival MARS

and the classical Cox PH models.
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5.2 Conclusion

This work has established the use of diagnostic classification trees based on within-node
homogeneity, between-node heterogeneity, Cox-Snell Multilayers perceptron in artificial neural
network on competing risk survival data and multivariate adaptive regression splines to the
survival data without competing risks. By these extensions, an integrated method that can handle:
medical domain knowledge, potential predicting factors on cancer diseases (candidate patients)
and the prognostic risk of the diseases has been achieved. Further conclusions are made in

following manners.

Firstly, the study extended within-node homogeneity by using Deviance residual and Cox-Snell
residual as a response in a common classification tree. The proposed methods were good for
detecting the accurate cutpoint for covariate associated to survival times and excellent in
classifying the risk of disease than the existing methods based on the empirical simulation and

real-life data.

Secondly, the between-node heterogeneity method was found to perform better in assigning
subjects to groups with different levels of risk and detecting the optimum cutpoint than the existing
methods. This was achieved based on the simulation results and real-life data, with the

complement of some extended test statistics.

Thirdly, this study has successfully proposed artificial neural network in competing risk model,
using resilient back-propagation. We applied three different datasets on proposed model and
existing model, we found that the proposed model performs better than the existing one
irrespective of the performance assessment methods. In addition, when the Garson’s Algorithm

was applied to the data set, it was observed that one of the independent variables
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(Electrocardiogram Code) predicts the survival of the patients with the risk of dying from prostate
cancer better than any other covariates. Moreover, age of the patients also predicts the survival of
patients with prostate cancer when the risk is due to other diseases. Finally, Tumour Stage,
Cardiovascular Disease History and Performance Rating were found to influence the survival of

the patients with prostate cancer irrespective of the risk.

Finally, in this work, the use of (modified) Cox- Snell Residual to Survival analysis with MARS
was proposed. The proposed method was compared with Martingale Residual Survival MARS
mode ling technique and the classical Cox-PH model. Both the modified Cox-Snell and Martingale

residuals of a Cox-PH model were used as responses in a common survival analysis with MARS.

All the results from simulation studies and real-life application reveal that the proposed survival
MARS model with Cox-Snell residuals fitt the data more appropriately than either the Martingale

residual survival MARS or the classical Cox-PH model.

5.3 Recommendations

Based on the results of this study, the following recommendations are made:

I.  The classical methods of analyzing survival data do not gives satisfactory results at the
local or regional levels when the underlying assumptions that govern the usability of these
models failed and when the survival data is of high dimension. In this regard, the extended
data mining techniques proposed in this study are hereby recommended to circumvent
these challenges.

ii. Researchers that wish to classify subjects/objects into sub-groups based on their levels of

risk should use the extended classification tree.
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iii.  For any study that involve modelling the linear, non-linear and the interaction effect of the

covariates, the extended ANN and MARS are hereby recommended.

5.4 Suggestions for Future Studies

The following are the possible areas to be exploited in future research:

1. The proposed classification trees method in this study can be extended to model survival data
with time-dependent covariates, i.e. situations where the assumption of proportional hazards is not

fulfilled.

2. There is need to extend the proposed Artificial Neuron Network (ANN) into survival time data

without competing risk using Cox-Snell residual.

3. The proposed MARS methods need to be extended to survival time data with competing risk

endpoints.
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Appendix A:

Table Al: Results from the Contal and O’Quigley's method for the covariate Age

APPENDICES

agef U Q p-value

1: 57.4 30.4289893 1.866369665 0.001885572
2: 58.0 30.0359877 1.842264813 0.002254714
3: 57.2 29.9898290 1.839433654 0.002302211
4: 57.5 29.7420472 1.824235900 0.002573403
5: 57.6 29.4465194 1.806109629 0.002935385
239: 84.3 0.2424559 0.014871091 1.000000000
240: 84.0 0.2174441 0.013336989 1.000000000
241: 85.0 0.1843777 0.011308852 1.000000000
242: 82.7 0.1035367 0.006350449 1.000000000
243: 17.0 0.0000000 0.000000000 1.000000000

Table A2: Results from the Contal and O’Quigley's method for the covariate Hemoglobin (g/l)

S/N hgb U Q p-value
1: 140 5.06130450 0.310436376 0.9999777
2: 146 4.86285744 0.298264576 0.9999920
3: 142 4.12257624 0.252859244 1.0000000
4: 147 3.69966202 0.226919694 1.0000000
5: 143 3.56077654 0.218401119 1.0000000
6: 129 3.40764695 0.209008877 1.0000000
7: 145 3.39091851 0.207982834 1.0000000
8: 135 3.18688478 0.195468374 1.0000000
9: 153 3.16263246 0.193980853 1.0000000
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10: 141 3.07431742 0.188564028 1.0000000
11: 151 3.03448515 0.186120905 1.0000000
12: 127 2.91640731 0.178878571 1.0000000
13: 126 2.79697052 0.171552886 1.0000000
14: 125 2.70053668 0.165638092 1.0000000
15: 130 2.29797300 0.140946748 1.0000000
16: 148 2.29534154 0.140785347 1.0000000
17: 144 2.12641676 0.130424304 1.0000000
18: 114 1.99856902 0.122582730 1.0000000
19: 165 1.99082669 0.122107853 1.0000000
20: 128 1.98250869 0.121597666 1.0000000
21: 156 1.92633813 0.118152431 1.0000000
22: 152 1.83263016 0.112404829 1.0000000
23: 166 1.70278860 0.104440964 1.0000000
24: 120 1.59976505 0.098121989 1.0000000
25: 118 1.55043574 0.095096363 1.0000000
26: 154 1.46534202 0.089877119 1.0000000
27: 164 1.46527133 0.089872783 1.0000000
28: 116 1.45367499 0.089161519 1.0000000
29: 139 1.41825085 0.086988770 1.0000000
30: 161 1.30469065 0.080023527 1.0000000
31: 113 1.29409682 0.079373752 1.0000000
32: 172 1.22596983 0.075195166 1.0000000
33: 110 1.04705265 0.064221236 1.0000000
34: 136 1.02154107 0.062656477 1.0000000
35: 149 1.01574241 0.062300814 1.0000000
36: 160 0.98404307 0.060356528 1.0000000
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37: 155 0.91817598 0.056316553 1.0000000
38: 158 0.89863832 0.055118206 1.0000000
39: 157 0.80111751 0.049136743 1.0000000
40: 105 0.62021909 0.038041293 1.0000000
41: 150 0.57718991 0.035402087 1.0000000
42: 124 0.52639656 0.032286664 1.0000000
43: 189 0.49229161 0.030194829 1.0000000
44: 132 0.45167163 0.027703392 1.0000000
45: 86 0.44200721 0.027110623 1.0000000
46: 134 0.41792878 0.025633766 1.0000000
47: 177 0.38078920 0.023355801 1.0000000
48: 131 0.32082019 0.019677586 1.0000000
49: 163 0.31167797 0.019116846 1.0000000
50: 80 0.30157528 0.018497195 1.0000000
51: 123 0.29137148 0.017871343 1.0000000
52: 162 0.24164654 0.014821451 1.0000000
53: 117 0.13395107 0.008215922 1.0000000
54: 137 0.11036810 0.006769455 1.0000000
55: 170 0.05561196 0.003410973 1.0000000
56: 100 0.05028440 0.003084206 1.0000000
57: 138 0.03525735 0.002162519 1.0000000
58: 133 0.03190508 0.001956906 1.0000000
59: 40 0.00000000 0.000000000 1.0000000

Appendix B: Graphs of Survival MARS results for Simulated Exponential Survival Times

with Martingale and Cox-Snell Residuals at different penalty parameters.
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Fig. 1: Graphs of Survival MARS results under Exponential Survival times with penalized

parameter d = 2 at low (25%) censoring rate for Martingale (left graph) and Cox-Snell (right

graph) Residuals.
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Fig. 2: Graphs of Survival MARS results under Exponential Survival times with penalized

parameter d = 2 at high (85%) censoring rate for Martingale (left graph) and Cox-Snell (right

graph) Residuals.

143



Martingale Residual Martingale Residual

Martingale Residual

noale Residual

Marti

rtingale Residual

e

Martingale Residual

e

-3 02 4

J\

Martingale Residual

Interaction between x1 and x2

Variable x2

x2

Variable x4

x4

Martingale Residual

Martingale Residual

0.4

-0.2

Variable x1

30 40 50 60 70

Variable x3

x3

00 02 04 06 08 10

x5

Cox-Snell Residual Cox-Snell Residual

Cox-Snell Residual

3 1 1 3

N

Interaction between x1 and x2 _ Variable x1
3
o
£
i <]
-0
T
—:1T ]
T T T T T 5 o T T T T T
k) 0 El i n ) 0 El i) n
il i
Variable x2 Variable x3
g
3 0
a1
§
3 ]
g
4 0]
T T T T T I B T T T T T
0 02 04 06 08 w ° 3 2 1 0 1 2
4 <
Variable x4 Variable x5
T
3o
5]
¢
¢ -
T 4]
[
4]
T T T T T T 3o T T T T T
0
0 2 4 6 8 i 0 02 04 06 08 10

Fig. 3: Graphs of Survival MARS results under Exponential Survival times with penalized

parameter d = 5 at low (25%) censoring rate for Martingale (left graph) and Cox-Snell (right

graph) Residuals.
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Appendix C: Graphs of Survival MARS results for Simulated Weibull Survival Times with

Martingale and Cox-Snell Residuals at different penalty parameters.
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Fig. 5: Graphs of Survival MARS results under Weibull Survival times with penalized parameter
d = 2 at low (25%) censoring rate for Martingale (left graph) and Cox-Snell (right graph)

Residuals.
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Fig. 6: Graphs of Survival MARS results under Weibull Survival times with penalized parameter

d = 2 at high (85%) censoring rate for Martingale (left graph) and Cox-Snell (right graph)

Residuals.
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Fig. 7: Graphs of Survival MARS results under Weibull Survival times with penalized parameter

d =5 at low (25%) censoring rate for Martingale (left graph) and Cox-Snell (right graph)

Residuals.
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Fig. 8: Graphs of Survival MARS results under Weibull Survival times with penalized parameter

d = 5 at high (85%) censoring rate for Martingale (left graph) and Cox-Snell (right graph)

Residuals.

Appendix D: Graphs of Survival MARS results for Simulated Gompertz Survival Times with

Martingale and Cox-Snell Residuals at different penalty parameters.
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Fig. 11: Graphs of Survival MARS results under Gompertz Survival times with penalized

parameter d =5 at low (25%) censoring rate for Martingale (left graph) and Cox-Snell (right

graph) Residuals.
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Survival MARS results
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under Gompertz Survival times with penalized parameter d = 5 at high (85%) censoring rate for

Martingale (left graph) and Cox-Snell (right graph) Residuals.

Appendix E: R Codes for both Simulation and Real Life Data
E1: Classification Tree for within node homogeneity code

library (survival)
library (cmprsk)
library (rpart)
library (mvpart)
library ("rpart")
library ("evtree")
library (timereq)
library (randomForest)

Code E1.1: Cox-Snell Residual Simulation Based on Cutpoint

simcox<-function(cl,c2,rl,r2,r3,r4,r5,r6,r7,B,ss,852) {
tempMR<-c () ;

tempMR2<-c () ;

nodevec<-rep (0, ss) ;

for(i in 1:B) {

z<-runif (ss);

tl<-rexp(ss,rl) * (2<=cl);

124

tl<-tl+rexp(ss,r2) *(Z>cl);

t2<-rexp(ss, r3) * (Z2<=c2);

t2<-t2+rexp(ss,rd) * (Z2>c2);

t3<-rexp(ss, rb) * (Z2<=cl);
t3<-t3+rexp(ss,r6) * (Z2>cl&z<=c2);
t3<-t3+rexp(ss,r7) * (Z>c2);

tsim<-pmin (tl,t2,t3);

dsim<- (t1<t2) * (£1<t3)+2* (£2<tl) * (£t2<t3);

# gray stats are calculated

# the LR stats are calculated

dsim2<- (dsim==1)"2;

# the residual stats
temp2MR<-coxph (Surv (tsim,dsim2)~1) ;

martnull <- residuals (temp2MR, type="martingale");
coxsnell<-(dsim2-martnull)

tempMR<-c (tempMR, rpart (coxsnell~Z,method="anova",
maxdepth=1,minbucket=ss2) $splits[4])

tempMR2<-c (tempMR2, rpart (coxsnell~Z,method="anova",
maxdepth=1, cp=0, minbucket=ss2,dissim="man") $splits[4])
}

outputMR<-tempMR;

outputMR2<-tempMR2

output<-cbind (outputMR, outputMR2) ;

output

}

#H##HF#A#AHF 255, 50% and 75% censoring#######AAFHFAAAEFAAS
#simcox<-simcox (0.5,0.3,.2,.4,.7,.56,.1,.24,.5,2,200,20)

Code E1.2: Deviance Residual Simulation Based on Cutpoint

simDev<-function(cl,c2,rl,r2,r3,r4,r5,r6,r7,B,ss,ss2) {
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tempMR<-c () ;

tempMR2<-c () ;

nodevec<-rep (0, ss) ;

for(i in 1:B) {

z<-runif (ss);

tl<-rexp(ss,rl) * (Z<=cl);

tl<-tl+rexp(ss,r2) *(Z>cl);

t2<-rexp(ss, r3) * (Z<=c2);

t2<-t2+rexp(ss,rd) * (Z>c2);

t3<-rexp(ss, rb) * (Z<=c2);
t3<-t3+rexp(ss,r6) * (Z>c2&Z<=cl);

t3<-t3+rexp(ss,r7) *(Z>cl);

tsim<-pmin (tl,t2,t3);
dsim<-(tl<t2)* (tl<t3)+2* (t2<tl) * (t2<t3);

dsim2<- (dsim==1)"2;

# the residual stats
temp2MR<-coxph (Surv (tsim,dsim2) ~1) ;

devinull <- residuals (temp2MR, type="deviance")
tempMR<-c (tempMR, rpart (devinull~Z,method="anova",
maxdepth=1,minbucket=ss2) $splits[4])

tempMR2<-c (tempMR2, rpart (devinull~Z,method="anova",
maxdepth=1, cp=0,minbucket=ss2,dissim="man") $splits[4])
}

outputMR<-tempMR;

outputMR2<-tempMR2

output<-cbind (outputMR, outputMR2) ;

output

}

#HEFFFAAFAS 25%, 50% and 75% censoring#####HFFHFFFFFFFFFFS
#simDev<-simDev (0.25,0.3,.2,.4,.7,.56,.1,.24,.04,2,200,20)

Code E1.3: Martingale Residual Simulation Based on Cutpoint

simMar<-function(cl,rl,r2,r3,r4,r5,B,ss,ss2) {
tempMR<-c () ;

tempMR2<-c () ;

nodevec<-rep (0, ss) ;

for(i in 1:B){

Z<-runif (ss);

tl<-rexp(ss,rl) * (Z<=cl);

tl<-tl+rexp(ss,r2)*(Z>cl);

t2<-rexp(ss, r3) * (Z<=cl);

t2<-t2+rexp(ss,rd) * (Z>cl);

t3<-rexp(ss,rd);

tsim<-pmin (tl,t2,t3);

dsim<- (t1<t2)* (£t1<t3)+2* (£t2<tl) * (t2<t3);

dsim2<- (dsim==1)"2;

# the residual stats
temp2MR<-coxph (Surv (tsim,dsim2)~1) ;

martingale<- residuals (temp2MR, type="martingale")
tempMR<-c (tempMR, rpart (martingale~Z, method="anova",
maxdepth=1,minbucket=ss2) $splits[4])

tempMR2<-c (tempMR2, rpart (martingale~Z,method="anova",
maxdepth=1, cp=0, minbucket=ss2,dissim="man") $splits([4])
}

outputMR<-tempMR;

outputMR2<-tempMR2;

output<-cbind (outputMR, outputMR2) ;
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output
}

#H######AAA 258, 50% and 75% censoring#######FFFFFFFH#H#H#HH
#simMar<-simMar (0.25,0.3,.2,.4,.7,.56,.1,.24,.04,2,200,20)

Code E1.4: R codes for the Tree Data Structures

set.seed(3435326)

simdata<-function(B,ss,rl,r2,r9, cl,c2,ssl,ss2,V, alphac){
MRstat<-c () ;

MRabsstat<-c () ;

DRstat<-c () ;

DRabsstat<-c () ;

CRstat<-c () ;

CRabsstat<-c () ;

for(i in 1:B) {

#set.seed (2)

Z1<-runif (ss);

# discrete uniform (0,.25,.5,.75,1)

71<-floor (5*21) /4;

# Z2<-sample(c(0,1),ss,replace=T) ;

z2<-runif (ss);

72<-floor (5*72) /4

tl<-rexp(ss,rl+r2* (Z1>cl& 722>c2));
t2<-rexp(ss,1l-r9-rl-r2* (Z21>cl& Z2>c2));

t3<-rexp(ss,r9);

# tl<-rexp(ss,rl);

# t2<-rexp(ss,r2+r3*(Z1>cl&z2>c2)) ;

# t3<-rexp(ss,r9);

tsim<-pmin (tl,t2,t3);

# vector with 0Os 1s and 2s

dsim<- (t1<t2) * (£tl<t3)+2* (t2<tl) * (t2<t3)

# the event indicator for LR test needs to be =1 if any event happens, and =0
ow.

#dsim2<- (dsim==1|dsim==2) "2

dsim2<- (dsim==1)"2;

Z3<-runif (ss);

73<-floor (5*Z3)/4;

7Z4<-runif (ss);

z4<-floor (5*z4) /4;

# Z5<-sample(c(0,1),ss,replace=T) ;

# Z6<-sample(c(0,1),ss,replace=T) ;

Z5<-runif (ss);

725<-floor (5*75) /4;

Z6<-runif (ss);

Z6<-floor (5*76)/4;

nd<-rep (0, ss);

id<-seqg(l:ss);

X<-data.frame (cbind(id, tsim,dsim, Z1,%22,23,24,25,Z26,nd)) ;
covariates<-cbind(z1,72,%23,24,725,726);

# MR

temp2MR<-coxph (Surv (tsim,dsim2)~1) ;
resids<-temp2MR$residuals;

tempMR<-rpart (resids~covariates,method="anova",minbucket=ss2) ;
tempMR2<-c (length (unique (tempMRS$where) ) , covusedMR (tempMR, covariates)) ;
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# MR abs
# tempZMR<-coxph (Surv (tsim,d2sim)~1) ;
# resids<-temp2MRSresiduals;

tempMRabs<-rpart (resids~covariates,method="anova",minbucket=ss2, dissim="man");

tempMR3<-c (length (unique (tempMRabsSwhere) ), covusedMR (tempMRabs, covariates)) ;
# DR

temp2DR<-coxph (Surv (tsim,dsim2) ~1) ;

Davres <- residuals (temp2DR, type="deviance") ;

tempDR<-rpart (Davres~covariates,method="anova",minbucket=ss2);

tempDR2<-c (length (unique (tempDRS$where) ) , covusedMR (tempDR, covariates)) ;

# MR abs

# tempZMR<-coxph (Surv (tsim,d2sim)~1) ;

# resids<-temp2MRSresiduals;

tempDRabs<-rpart (Davres~covariates,method="anova",minbucket=ss2, dissim="man");

tempDR3<-c (length (unique (tempDRabsS$where) ), covusedMR (tempDRabs, covariates)) ;
# CR

temp2CR<-coxph (Surv (tsim,dsim2) ~1) ;

Coxres <-dsim2-resids ;

tempCR<-rpart (Coxres~covariates,method="anova",minbucket=ss2) ;

tempCR2<-c (length (unique (tempCRSwhere) ), covusedMR (tempCR, covariates)) ;

# MR abs

# tempZMR<-coxph (Surv (tsim,d2sim)~1) ;

# resids<-tempZMRSresiduals;

tempCRabs<-rpart (Coxres~covariates,method="anova",minbucket=ss2, dissim="man");

tempCR3<-c (length (unique (tempCRabs$where) ), covusedMR (tempCRabs, covariates)) ;

#second validation data set: currently without censoring

Z1<-runif (ss);

## discrete uniform (0,.25,.5,.75,1)

z1l<-floor (5*z1)/4;

# Z2<-sample(c(0,1),ss,replace=T) ;

722<-runif (ss);

z2<-floor (5*z1) /4;

tl2<-rexp(ss,rl+r2* (Z1>cl& Z2>c2));

t22<-rexp(ss,l-r9-rl-r2* (Z1>cl& 722>c2));

# t3<-rexp(ss,r9);

# tl2<-rexp(ss,rl);

# t22<-rexp(ss,r2+r3*(Z1>cl&z2>c2)) ;

# t32<-rexp(ss,r9);

# tsim2<-pmin (tl2,t22,t32);

tsim2<-pmin (tl2,t22);

## vector with 0Os 1s and 2s
dsim2<-(t22<tl12)+1

# dsim2<—-(tl2<t22)* (tl12<t32)+2*(t22<tl2)* (t22<t32)

d2sim2<- (dsim2==1) "2

# d2sim2<- (dsim2==1|dsim2==2) "2

# Z3<-floor (5*runif(ss))/4;

# Z4<-floor (5*runif(ss))/4;

723<-runif (ss);

7Z3<-floor (5*73) /4;

Z4<-runif (ss);

z4<-floor (5*7Z4) /4;

Z5<-runif (ss);

z5<-floor (5*Z5) /4;

zZo<-runif (ss);

zZ6<-floor (5*Z6)/4;

covariates<-cbind(z1,72,%23,24,725,726);

nd2<-rep (0, ss) ;

~ e~ o~~~ —~
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id2<-seqg(l:ss);
X2<-data.frame (cbind (id2, tsim2,dsim2, covariates,nd2)) ;
#####out

tempMR2<-c (tempMR2, maeMR (tempMR, X2, X, X$tsim,
X2$tsim2) ,maeMR2 (tempMR, X2, X,XStsim, X2$tsim2));
tempMR3<-c (tempMR3, maeMR (tempMRabs, X2, X, X$tsim,
X2$tsim2) ,maeMR2 (tempMRabs, X2,X, XS$tsim, X2Stsim2));
MRstat<-rbind (MRstat, tempMR2) ;

MRabsstat<-rbind (MRabsstat, tempMR3) ;

tempDR2<-c (tempDR2, maeMR (tempDR, X2, X, X$tsim,
X2$tsim2) ,maeMR2 (tempDR, X2, X,XStsim, X2$tsim2));
tempDR3<-c (tempDR3, maeMR (tempDRabs, X2, X, X$tsim,
X2$tsim2) ,maeMR2 (tempDRabs, X2,X, XS$tsim, X2Stsim2));
DRstat<-rbind (DRstat, tempDR2) ;

DRabsstat<-rbind (DRabsstat, tempDR3) ;

tempCR2<-c (tempCR2, maeMR (tempCR, X2, X, X$tsim,
X2$tsim2) ,maeMR2 (tempCR, X2, X,XStsim, X2$tsim2));
tempCR3<-c (tempCR3, maeMR (tempCRabs, X2,X,X$tsim,
X2$tsim2) ,maeMR2 (tempCRabs, X2,X,XStsim, X2Stsim2));
CRstat<-rbind (CRstat, tempCR2) ;

CRabsstat<-rbind (CRabsstat, tempCR3) ;

}

output<- rbind(MRstat,MRabsstat,DRstat, DRabsstat,CRstat,CRabsstat)
output

}

#aa= simdata (100,200,.1,.35,.5,.5,0,20,20,10,1)
#simdata<-data (25,500,.1,.35,.5,.5,0,20,20,10,1)
#write.table (simdata,file="simdata")

Code E1.5: R codes for Real life Data

HHA###H#HA####Real Life Data #HE##H#FHFHARFHFFHHARIS

library ("rpart")

library ("evtree")

library (survival)

library (timereq)

library (randomForest)

library (randomForestSRC)
FHARHFAAAAHAAARHFAAAAHAAARHFAAAAHAAARAHFHAA AR A AAAAHA AR HF A RS HA AR A A AA A AR
#HA#H

#tH#####A#### cause 1
FHAFHFFAARHAAARHFAARAHAAARHFHFARAHFAAAHF AR HF AR HHFA AR A A A RS HA AR A A A RS A A HAAA
#HA#H

bmtl<- read.csv(file = "C:\\Users\\Adesina\\Documents\\bmtl.csv")

attach (bmtl)

View (bmtl)

BMMR1<-coxph (Surv (timel, causel) ~1)

BMMR1lres<- residuals (BMMR1, type="martingale")

### CART

BMMRTreel<-rpart (BMMRlres~plateletl+agel +tcelll,minbucket = 20,maxdepth = 20)
BMMRTreel

BMMRforl<-randomForest (BMMRlres~plateletl+agel +tcelll,minbucket = 20,maxdepth
= 20)

BMMRforl

varImpPlot (BMMRforl, main="",col="dark blue")

rp2DR <- as.party(BMMRTreel)

rp2DR
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plot (rp2DR)

BMdatl=data.frame (BMMRlres,plateletl, agel, tcelll)

mtcars.obj <- rfsrc(BMMRlres ~., data = BMdatl)

plot (mtcars.obj,main="Variable Important plot for couse 1")
ZigdgaddadsadsasdaddaddadasddaddaddaddaddasdaddadiadaadiagdadaaddaddaEdaEddda
#H##

BMDRlres<- residuals (BMMR1, type="deviance")

### CART

BMDRTreel<-rpart (BMDRlres~plateletl+tagel +tcelll,minbucket = 20,maxdepth = 20)
BMDRTreel

BMDRforl<-randomForest (BMDRlres~plateletl+agel +tcelll,minbucket = 20,maxdepth
= 20)

BMDRforl

varImpPlot (BMDRforl, main="",col="dark blue")
rp2DR <- as.party (BMDRTreel)

rp2DR

plot (rp2DR)

BDdatl=data.frame (BMDRlres,plateletl,agel, tcelll)

mtcars.DR <- rfsrc(BMDRlres ~., data = BDdatl)

plot (mtcars.DR,main="Variable Important plot for couse 1")

#### Cox-snell

BMCRlres=abs (causel-BMMR1lres)

BMCRTreel<-rpart (BMCRlres~plateletl+agel +tcelll,minbucket = 20,maxdepth = 20)
BMCRTreel

BMCRforl<-randomForest (BMCRlres~plateletl+agel +tcelll,minbucket = 20,maxdepth
= 20)

BMCRforl

varImpPlot (BMDRforl, main="",col="dark blue")

rp2CR <- as.party (BMCRTreel)

rp2CR

plot (rp2CR)

BCdatl=data.frame (BMCRlres,plateletl,agel, tcelll)

mtcars.CR <- rfsrc(BMCRlres ~., data = BCdatl)

plot (mtcars.CR,main="Variable Important plot for couse 1")

#H## AR A AR A AR A AR A AR AAHA Cause
2HAHHAHARHAAHAEHAAHAAHAAHAAH A H A H A H AR H A H AR

bmt2<- read.csv(file = "C:\\Users\\Adesina\\Documents\\bmt2.csv")

attach (bmt2)

View (bmt2)

BMMR2<-coxph (Surv (time?2, cause?2) ~1)

BMMR2res<- residuals (BMMR2, type="martingale")

### CART

BMMRTree2<-rpart (BMMR2res~platelet2+age2+tcell?2, minbucket = 20,maxdepth = 20)
BMMRTree?

BMMRfor2<-randomForest (BMMR2res~platelet2+age2+tcell?2, minbucket = 20,maxdepth =
20)

BMMRfor?2

varImpPlot (BMMRfor2, main="",col="dark blue")

rp2DR2 <- as.party (BMMRTree?)

rp2DR2

plot (rp2DR2)

BMdat2=data.frame (BMMR2res,platelet2, age2, tcell?)

mtcars.obj2 <- rfsrc(BMMR2res ~., data = BMdat2)

plot (mtcars.obj2,main="Variable Important plot for couse 1")
HAHHAHHAAHHAAHAAHAAHAAAA A AAAAAA A A AAAAAAAFHAHAAAAAHAAH AR AA A A AH AR A AR HA A
#H##

BMDR2res<- residuals (BMMR2, type="deviance")
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### CART

BMDRTree2<-rpart (BMDR2res~platelet2+age2+tcell?2, minbucket = 20,maxdepth = 20)
BMDRTree?2

BMDRfor2<-randomForest (BMDR2res~platelet2+age2+tcell2, minbucket = 20,maxdepth =
20)

BMDRfor?2

varImpPlot (BMDRforl, main="",col="dark blue")
rp2DR2 <- as.party (BMDRTree2)

rp2DR2

plot (rp2DR2,main="CART due to Deviance residual through Cause 2")
BDdat2=data.frame (BMDR2res,platelet2,age2, tcell?)

mtcars.DR2 <- rfsrc (BMDR2res ~., data = BDdat?2)

plot (mtcars.DR2,main="Variable Important plot for couse 2")

#### Modified Cox-snell

BMCR2res=abs (causel-BMMR2res)

BMCRTree2<-rpart (BMCR2res~platelet2+tage2+tcell?2,minbucket = 20,maxdepth = 20)
BMCRTree?2

BMCRfor2<-randomForest (BMCR2res~platelet2+age?2 +tcell2,minbucket = 20,maxdepth
= 20)

BMCRfor2

varImpPlot (BMDRforl, main="",col="dark blue")

rp2CR2 <- as.party (BMCRTree2)

rp2CR2

par (mfrow=c(2,1))

plot (rp2CR2,main="CART due to Modified Cox-Snell residual through Cause 2")
BCdat2=data.frame (BMCR2res,platelet2,age2, tcell?)

mtcars.CR2 <- rfsrc(BMCR2res ~., data = BCdat2)

plot (mtcars.CR2,main="Variable Important plot for couse 2")
HARHAHHARHAHHARAARAAHHARH AR A ARAARH AR A AR A AR H AR H AR AR H AR A A A A F A A AR A AR A A A
#HAHH AR A A

#HHH AR AR AR A RAARA AR AR AR A H A ##4## Prostate cancer
HARHAHHAHHARHARAAHHAAHAR AR A AAHAA A AR A AR A AAHA AR RS
HARHAHHARHAHHARAAHAAHHAAHAHHARAARHA R AR AR HA R A AR AR A AR A AR A AR H A AR H AR AR A A AHA
#HEHH AR A AR A A A AR A AR A AAAAAAA
HARHAHHAHHAHHARAARHAAAH AR HARHARA AR AR H AR A AR H AR A AR A A AR A AR A A H AR H A A A AAA
#HEHH AR A AR A AR A AR A AA A RS

prostate <- read.csv(file = "C:\\Users\\Adesina\\Documents\\prostate.csv")

View (prostate)

attach (prostate)

#HAHH AR A AR A AR AR A AR A AR A AR A AR AAAS Event 1####4##4H#AHHAHHAHHAHHAAHAHHAAHAHAA
HARHAHHARHARHARAARHAAHARHARHAHAAAHAAHA A A AHH AR AR A AR H A H A H A A A H A
#tHAFHF#AAAHFAAAHF Martingale ######4#H#FAAHH#FARAFFAASHAFARS
PMRT1<-coxph (Surv (TIME,eventl) ~1)

PMRTlres<- residuals (PMRT1, type="martingale")

PCMRTreel=rpart (PMRT1lres~AGE+WITINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG
, minbucket = 20,maxdepth = 20)

PCMRTreel

PCMRforl<-

randomForest (PMRT1lres~AGE+WTINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG,
minbucket = 20,maxdepth = 20)

PCMRforl

PC2MR <- as.party(PCMRTreel)

PC2MR

plot (PC2MR, main="CART due to Martingale residual through Cause 1 (Prosrate
Cancer) ™)

PCdatl=data.frame (PMRTlres, AGE, WITINDEX, PERF, HISTCD, ECGCODE, SIZEPT, SHINDEX, SERUM
HG)
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PCMR.obj <- rfsrc(PMRTlres ~., data = PCdatl)
plot (PC.obj,main="Variable Important plot for couse 1")

#H#### A ###4### Deviance Proposed ###############ALHF#AAEH##ALEAS
PMDR1lres<- residuals (PMRT1, type="deviance")

### CART

PCDRTreel=rpart (PMDR1res~AGE+WTINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG
, minbucket = 20,maxdepth = 20)

PCDRTreel

PCDRforl<-

randomForest (PMDR1res~AGE+WTINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG,
minbucket = 20,maxdepth = 20)

PCDRforl

PC2DR <- as.party (PCDRTreel)

PC2DR

plot (PC2DR, main="CART due to Deviance residual through Cause 1 (Prosrate
Cancer)")

PCdatl=data.frame (PMDRlres, AGE, WIINDEX, PERF, HISTCD, ECGCODE, SIZEPT, SHINDEX, SERUM
HG)

PCDR.ob]j <- rfsrc(PMDRlres ~., data = PCdatl)

plot (PCDR.obj,main="Variable Important plot for couse 1")

####### A #A###### Cox Snell Proposed ###########A##AFHAHAFHAHAFEAFAS
MRT1<-coxph (Surv (TIME, eventl) ~1)

PMRT1<- residuals (MRT1, type="martingale")

PMCRlres=abs (eventl1l-PMRT1)

#PMDR1res<- residuals (PMRTI1,type="deviance")

### CART

PCCRTreel=rpart (PMCRlres~AGE+WTINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG
, minbucket = 20,maxdepth = 20)

PCCRTreel

PCCRforl<-

randomForest (PMCR1res~AGE+WTINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG,
minbucket = 20,maxdepth = 20)

PCCRforl

PC2CR <- as.party(PCCRTreel)

PC2CR

plot (PC2CR,main="CART due to Modifield Cox-Snell residual through Cause 1
(Prosrate Cancer)")

PCdatl=data.frame (PMCRlres,AGE, WIINDEX, PERF, HISTCD, ECGCODE, SIZEPT, SHINDEX, SERUM
HG)

PCCR.obj <- rfsrc(PMCRlres ~., data = PCdatl)

plot (PCCR.obj,main="Variable Important plot for couse 1")

#AHH AR AR R A A A A AHHAHAAAAAHAAAS Cause 2 #H####H#AHH#AHHAHHAHHAHHAHHAHHAHAAHAAS
HARHAHHAHHAHHAAHAAHHAAAAAHAHAAAAAAAAHA A A AHHAA AR AR H AR AR HA A AR A RS
#HE# AR A AR A A A AHAA Martingale #####AH#AH#AHHAHHAHHAAHAHHAAHAHHAHAAAHAAAAHAAS
PMRT2<-coxph (Surv (TIME, event2)~1)

PMRT2res<- residuals (PMRT2, type="martingale")

PCMRTree2=rpart (PMRT2res~AGE+WTINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG
, minbucket = 20,maxdepth = 20)

PCMRTree?2

PCMRfor2<-

randomForest (PMRT2res~AGE+WTINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG,
minbucket = 20,maxdepth = 20)

PCMRfor2

PC2MR2 <- as.party(PCMRTree2)

PC2MR2

157



plot (PC2MR2, main="CART due to Martingale residual through Cause 2 (Prosrate
Cancer)")

PCdat2=data.frame (PMRT2res, AGE, WITINDEX, PERF, HISTCD, ECGCODE, SIZEPT, SHINDEX, SERUM
HG)

PCMR.obj2 <- rfsrc (PMRT2res ~., data = PCdat2)

plot (PCMR.obj2,main="Variable Important plot for couse 1")

#tH###t##t########+# Deviance Proposed ###############AH#AH#AHFAHFAESS

PMDR2res<- residuals (PMRTZ2, type="deviance")

### CART

PCDRTree2=rpart (PMDR2res~AGE+WTINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG
, minbucket = 20,maxdepth = 20)

PCDRTree?

PCDRfor2<-

randomForest (PMDR2res~AGE+WTINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG,
minbucket = 20,maxdepth = 20)

PCDRfor2

PC2DR2 <- as.party (PCDRTree2)

PC2DR2

plot (PC2DR2,main="CART due to Deviance residual through Cause 2 (Prosrate
Cancer)")

PCdat2=data.frame (PMDR2res, AGE, WTINDEX, PERF, HISTCD, ECGCODE, SIZEPT, SHINDEX, SERUM
HG)

PCDR.obj2 <- rfsrc(PMDR2res ~., data = PCdat2)

plot (PCDR.obj2,main="Variable Important plot for couse 1")

####### A #A###### Cox Snell Proposed ###########AFH#HAFEAFAAEAFHAHAS
MRT2<-coxph (Surv (TIME, event2) ~1)

PMRT2<- residuals (MRT2, type="martingale")

PMCR2res=abs (event2-PMRT2)

#PMDR1res<- residuals (PMRTI1,type="deviance")

### CART

PCCRTree2=rpart (PMCR2res~AGE+WTINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG
, minbucket = 20,maxdepth = 20)

PCCRTree?2

PCCRfor2<-

randomForest (PMCR2res~AGE+WTINDEX+PERF+HISTCD+ECGCODE+SIZEPT+SHINDEX+SERUMHG,
minbucket = 20,maxdepth = 20)

PCCRfor2

PC2CR2 <- as.party (PCCRTree?)

PC2CR2

plot (PC2CR2,main="CART due to Modifield Cox-Snell residual through Cause 2
(Prosrate Cancer)")

PCdat2=data. frame (PMCR2res, AGE, WI INDEX, PERF, HISTCD, ECGCODE, SIZEPT, SHINDEX, SERUM
HG)

PCCR.0obj2 <- rfsrc(PMCR2res ~., data = PCdat2)

plot (PCCR.obj2,main="Variable Important plot for couse 1")

#HE# AR A AR A A AHAAHAAHA#AHH Kidney transplant ############H#AHHAHHAAHAHHAHHAHAAS
2z aadadadasaadadadadadsdadadadadadadaadadadadadaddadadadadad sttt adadad
samp=c (50, 100,150,200, 350,500,750,1000,2000)
NS=c(0.069,0.101,0.124,0.139,0.191,0.283,0.385,0.488,1)
KS=c(0.118,0.112,0.143,0.133,0.151,0.164,0.177,0.213,0.654)
pepe=c(0.077,0.084,0.109,0.116,0.144,0.155,0.206,0.249,0.667)
G=c(0.077,0.093,0.117,0.147,0.203,0.277,0.392,0.501,1)
Fine=c(0.069,0.097,0.118,0.15,0.206,0.283,0.406,0.519,1)

#H#HH A A AAAHAFAHS plot
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plot (samp, NS, col=3, type="0", lwd=3,main="Power of the Five Selected Test Through
Cause 1",xlab="Sample Sizes",ylab="Power of the
Test",cex.lab=1.3,ylim=c (min (NS),max (NS)))

lines (samp, KS,col=4, 1lwd=3, type="0")

lines (samp, pepe, col=5, lwd=3, type="0")

lines (samp, G, col=2, lwd=3, type="0o")

lines (samp, Fine, col=6, lwd=3, type="0")

legend ("topleft",c("Neyman Smooth ","Kolmogorov Smirnov","Pepe

Integral", "Gray","Fine and Gray"),lwd=3,1lty=c(7),col=c(3,4,5,2,6))
#tH##t## A ## A ##A##A cause 2

samp=c (50, 100,150,200, 350,500,750,1000,2000)
NS=c(0.043,0.077,0.059,0.076,0.056,0.055,0.065,0.067,0.242)
KS=c(0.067,0.078,0.083,0.069,0.06,0.073,0.075,0.06,0.253)

pepe=c (0.057,0.049,0.046,0.05,0.046,0.053,0.049,0.048,0.19)
G=c(0.05,0.064,0.043,0.059,0.056,0.052,0.057,0.057,0.205)
Fine=c(0.033,0.054,0.042,0.059,0.057,0.055,0.058,0.058,0.204)

#H## A H A A AR AAAAAS plot

plot (samp,NS, col=3, type="b", lwd=3,main="Power of the Five Selected Test Through
Cause 2", xlab="Sample Sizes",ylab="Power of the
Test",cex.lab=1.3,ylim=c (min (NS) ,max (KS)))

lines (samp, KS,col=4, lwd=3, type="0")

lines (samp, pepe, col=5, lwd=3, type="0")

lines (samp, G, col=2, lwd=3, type="0")

lines (samp, Fine, col=6, lwd=3, type="0")

legend ("topleft",c("Neyman Smooth ","Kolmogorov Smirnov","Pepe
Integral","Gray","Fine and Gray"),lwd=3,1lty=c(7),col=c(3,4,5,2,6))
tHA#HFHAAAH A A AR AFAAAAHH##4H# cutpoint real 1ife data
HARHAHHAHAARHARAAHHAHHAR AR A AR AR A AR AR A A H AR A AR A AR A AR A A A AAA
HARHAHHARHAHHARAARAAHHARH AR A ARAARH AR A AR A AR H AR H AR AR H AR A A A A F A A AR A AR A A A
#ARHAH AR A A A AR AR A AR AR A AR AR A

prostate <- read.csv(file = "C:\\Users\\Adesina\\Documents\\prostate.csv")
View (prostate)

attach (prostate)

#HAFHF#AAAHAAAAH Event 14#H###4#H###AFHHFAAAHHFAAFHHFAAAHAAASAHFAASHAAA
HARHAHHARHARHARAAHAARHARHARFAHHAA AR A A AR A AR H AR AR AR A AR AR F A A AR
#tHA#HF A AR AHAAA#HA#H# Martingale

HAHHARAAH AR AR AR AR HA AR A AR AR H A A A AR A AR AR AR H A A A
PMRT1<-coxph (Surv (TIME,eventl) ~1)

PMRTlres<- residuals (PMRT1, type="martingale")

PCMRTreel=rpart (PMRTlres~AGE+WTINDEX+SERUMHG, minbucket = 20,maxdepth = 20)
PCMRTreel

#H##AHH AR A A A AH#AH Deviance
HAHHAHHAHHAAHAAAAAHAAAAAHAAHA A A AAAAAAAHAAHAAH AR A AR A A

PMDR1lres<- residuals (PMRT1, type="deviance")

### CART

PCDRTreel=rpart (PMDRl1res~AGE+WTINDEX+SERUMHG, minbucket = 20,maxdepth = 20)
PCDRTreel

#t#########A###### Cox Snell Proposed ############A##A####AFHA#AFHAFAS
MRT1<-coxph (Surv (TIME, eventl) ~1)

PMRT1<- residuals (MRT1, type="martingale")

PMCRlres=abs (eventl1l-PMRT1)

PCCRTreel=rpart (PMCR1res~AGE+WTINDEX+SERUMHG, minbucket = 20,maxdepth = 20)
PCCRTreel

#HHH AR A AR A A A A A A A AHAAHA#AHA Summary Statistics
eventl###################AHHF#AAHHFH#AHH

prostate3 <- read.csv(file = "C:\\Users\\Adesina\\Documents\\postrate 3.csv")
attach (prostate3)
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View (prostate3)

#H###H# A #AFAFAFS Event 2######4#4#4###HHFHAHAHH A HAFAHAHAHAHAHAHAHAS
ki
#H####### A ######## Martingale

#H#H# A H A FAF AR F AR AR HAEA A A H AR A AR A A A
PMRT1<-coxph (Surv (TIME,event2) ~1)

PMRT1lres<- residuals (PMRT1, type="martingale")

PCMRTreel=rpart (PMRTlres~AGE+WTINDEX+SERUMHG, minbucket = 20,maxdepth = 20)
PCMRTreel

########### A ###### Deviance

#H#H#AH A FAH AR R AR HAHA R A A H AR F AR A A A

PMDR1lres<- residuals (PMRT1, type="deviance")

### CART

PCDRTreel=rpart (PMDR1res~AGE+WTINDEX+SERUMHG, minbucket = 20,maxdepth = 20)
PCDRTreel

#####A# A #A###### Cox Snell Proposed ###########A####HAHAFHAFAFEAFRS
MRT1<-coxph (Surv (TIME, event2) ~1)

PMRT1<- residuals (MRT1, type="martingale")

PMCRlres=abs (eventl1l-PMRT1)

PCCRTreel=rpart (PMCRlres~AGE+WTINDEX+SERUMHG, minbucket = 20,maxdepth = 20)
PCCRTreel

#H#####H A A A A A AR AR AR A #A#A Summary Statistics
eventl################A#AFAFAFAFAHAHAHA

prostate3 <- read.csv(file = "C:\\Users\\Adesina\\Documents\\cancer.csv")
attach (prostate3)

View (prostate3)

#tH###t A # A #A#A#A## Residual plot ############H#H#R#A#A#AFAFAFAFAHAHS
didzzzzazaasadaadadasssadadasasasadasagdadadadsdasadasadadadadaadadaada
### Plot of Martingale, Deviance and Cox Snell residuals against Age,WTINDEX
and SERUMHG

library (ggplot2)

par (mfrow=c(1l,3))

gplot (AGE, PMRTlres, geom=c ("point","smooth"),xlab="Patient
Age",ylab="Martingale Residuals", main="Figure 7: Plot of martingale residuals
against Age")

gplot (AGE, PMDRlres, geom=c ("point","smooth"),xlab="Patient Age",ylab="Deviance
Residuals", main="Figure 8: Plot of deviance residuals against Age")
gplot (AGE, PMCRlres, geom=c ("point","smooth"),xlab="Patient Age",ylab="Cox Snell
Residuals", main="Figure 9: Plot of cox snell residuals against Age")
##########A### Lowess

lo <- loess (PMRT1lres~AGE)

plot (AGE, PMRT1res)

x1l <- seq(min (AGE),max (AGE), (max(AGE) - min (AGE))/1000)

lines (x1l, predict(lo,x1l), col='red', lwd=2)
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